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Abstract

We present a new representation and recognition method for human activities. An activity
is considered to be composed of action threads, each thread being executed by a single actor. A
single-thread action is represented by a stochastic finite automaton of event states, which are
recognized from the characteristics of the trajectory and shape of moving blob of the actor
using Bayesian methods. A multi-agent event is composed of several action threads related
by temporal constraints. Multi-agent events are recognized by propagating the constraints
and likelihood of event threads in a temporal logic network. We present results on real-world
data and performance characterization on perturbed data.
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1. Introduction

Automatic event detection in video streams is gaining attention in the computer
vision research community due to the needs of many applications such as surveil-
lance for security, video content understanding, and human—computer interaction.
The type of events to be recognized can vary from a small-scale action such as facial
expressions, hand gestures, and human poses to a large-scale activity that may in-
volve a physical interaction among locomotory objects moving around in the scene
for a long period of time. There also may be interactions between moving objects and
other objects in the scene, requiring static scene understanding. Addressing all the
issues in event detection is thus enormously challenging and a major undertaking.
In this paper, we focus on the detection of large-scale activities where some knowl-
edge of the scene (e.g., the characteristics of the objects in the environment) is
known. One characteristic of activities of our interest is that they exhibit some spe-
cific patterns of whole-body motion. For example, consider a group of people steal-
ing luggage left unattended by the owners. One particular pattern of the “stealing”
event may be: two persons approach the owners and obstruct the view of the lug-
gage, while another person takes the luggage. In the following, the words “event”
and “activity” are used to refer to a large-scale activity.

The task of activity recognition is to bridge the gap between numerical pixel level
data and a high-level abstract activity description. A common approach involves first
detecting and tracking moving object features from image sequences. The goal of this
step is to transform pixel level data into low-level features that are more appropriate
for activity analysis. From the tracked features, the type of moving objects and their
spatio-temporal interaction are then analyzed [1-4]. There are several challenges that
need to be addressed to achieve this task:

e Motion detection and object tracking from real video data are often unstable due
to poor video quality, shadows, occlusion, and so on. A single-view constraint
common to many applications further complicates these problems.

e The interpretation of low-level features (e.g., the appearance of objects) may be
dependent on the view point.

e There is a spatio-temporal variation in the execution style of the same activity by
different actors, leading to a variety of temporal durations.

e Repeated performance by the same individual can vary in appearance.

e Similar motion patterns may be caused by different activities.

Therefore, there is need for a generic activity representation as well as a robust
recognition mechanism that handle both data and event variations. The representa-
tion must be able to describe a simple action as well as a complicated, cooperative
task by several actors. For a pragmatic system, the representation should also be eas-
ily modified and extended by a user. Recognition methods must handle the probabil-
ities accurately at all processing levels.

A large number of activity detection systems have been developed in the last
decades. Details of some of the current approaches are given in Section 2. One
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deficiency of most approaches is that they are developed for events that suit the
goal in a particular domain and lack genericity. Many event representations
(e.g., an image—pixel-based representation) cannot be extended easily. Most event
detection algorithms are only for simple events (e.g., “walking” or “running’’) per-
formed by a single actor, or for specific movements such as periodic motion. Some
of them rely on the accuracy of motion sensors and do not provide a measure of
confidence of the results, which is crucial for discriminating similar events in a
noisy environment.

In this paper, we present a system that overcomes some of these deficiencies. We
model scenario events from shape and trajectory features using a hierarchical activity
representation extended from [5], where events are organized into several layers of ab-
straction, providing flexibility and modularity in modeling scheme. The event recogni-
tion methods described in [5] are based on a heuristic method and could not handle
multiple-actor events. In this paper, an event is considered to be composed of action
threads, each thread being executed by a single actor. A single-thread action is repre-
sented by a stochastic finite automaton of event states, which are recognized from
the characteristics of the trajectory and shape of the moving blob of the actor based
on a rigorous Bayesian analysis. A multi-agent event is represented by an event graph
composed of several action threads related by logical and temporal constraints. Multi-
agent events are recognized by propagating the constraints and the likelihood of event
threads in the event graph. Our earlier papers [4,6] have described these components to
some extent. This paper integrates all materials and provides more details and perfor-
mance evaluation.

The organization of the paper is as follows: related work is discussed in Section 2.
An overview of our event detection system is described in Section 3. Our tracking
approach based on ground plane locations is in Section 4. The extended hierarchical
representation is in Section 5. Our event recognition algorithms are described in de-
tail including experimental results in Sections 6 and 7. Performance characterization
of the algorithms is in Section 8.

2. Related work

During the last decade, there has been a significant amount of event understand-
ing research in various application domains [7,8]. A review of the current approaches
in motion analysis can be found in [9]. Most of the current approaches to activity
recognition are composed of defining models for specific activity types that suit
the goal in a particular domain and developing procedural recognition methods.
In [10], simple periodic events (e.g., “walking”) are recognized by constructing the
dynamic models of the periodic pattern of human movements and are highly depen-
dent on the robustness of the tracking.

Bayesian networks have been used to recognize static postures (e.g., “standing
close to a car’) or simple events (e.g., “sitting”’) from the visual evidence gathered
during one video frame [1,3,11]. The use of Bayesian networks in these approaches
differs in the way they are applied (e.g., what data are used as evidential input and
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how these data are computed, the structures of the networks, etc.). One of the lim-
itations of using Bayesian networks is that they are not suitable for encoding the dy-
namic of long-term activities.

Inspired by the applications in speech recognition, Hidden Markov Model
(HMM) formalism has been extensively applied to activity recognition [12-16].
In one of the earlier attempts [12], discrete HMMs are used as the representations
of tennis strokes. A feature vector of a snapshot of a tennis stroke is defined di-
rectly from the pixel values of a subsampled image. A tennis stroke is recognized
by computing the probability that the HMM model produces the sequence of fea-
ture vectors observed during the action. Parameterized-HMMs [14] and coupled-
HMMs [16] were introduced later to recognize a more complex event such as
an interaction of two mobile objects. In [2], a stochastic context-free grammar
parsing algorithm is used to compute the probability of a temporally consistent
sequence of primitive actions recognized by HMMs. Even though HMMs are ro-
bust against the variation of the temporal segmentations of events, the structures
and probability distributions are not transparent and need to be learned accurately
using an iterative method. For complex events, the parameter space may become
prohibitively large.

There is only a limited amount of research on multi-agent events [3,17] as the track-
ing of multiple objects in a natural scene is difficult and it is difficult to maintain the pa-
rameters of the fine temporal granularity of the event models such as HMMs. In [3], a
complicated Bayesian network is defined together with specific functions to evaluate
some temporal relationships among events (e.g., before and around) to recognize ac-
tions involving multiple agents tracked manually in a football match. Generalizing this
system for other tasks than those of a football match may require a substantial devel-
opment.

In recent years, there has also been a significant amount of work toward the
fusion of multimodal information (e.g., color, motion, acoustic, speech, and text)
for event and action recognition. Most approaches [18-20] rely on contextual
knowledge and are limited to specific domains (e.g., offices, classrooms, and TV
programs).

Our approach is closely related to the work by Ivanov and Bobick [2] in the
sense that the external knowledge about the problem domain is incorporated into
the expected structure of the activity model. In [5], we introduced a hierarchical
activity representation that allows the recognition of a series of actions performed
by a single mobile object. Image features are linked explicitly to a symbolic no-
tion of activity through several layers of more abstract activity descriptions. Rule-
based methods are used to approximate the belief of the occurrence of activities.
A set of rules are defined at each recognition step to verify whether the properties
of mobile objects match their expected distributions (represented by a mean and a
variance) for a particular action or event. This method often involves a careful
hand-tuning of parameters such as threshold values. In this paper, we extend
the representation described in [5] and present a recognition algorithm that com-
putes the probabilities of activities in a more rigorous way using Bayesian and
logical methods.
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3. Overview of the system

Fig. 1 shows schematically our approach to recognize the behavior of moving ob-
jects from an image sequence and available context. Context consists of associated
information, other than the sensed data, that is useful for activity recognition such
as a spatial map and a prior activity expectation (task context). Our system is com-
posed of two modules: (1) Motion Detection and Tracking (shown in a light shade);
(2) Event Analysis (shown in a dark shade).

Our tracking system is augmented from a graph-based moving blob tracking sys-
tem described in [5]. A stationary single-view camera is used in our experiments.
Background pixels are learned statistically in real time from the input video streams.
Moving regions are segmented from background by detecting changes in the inten-
sity. Knowledge of the ground plane, acquired as a spatial context, is used to filter
moving regions and track objects robustly. Shape and trajectory features of moving
objects are then computed by low-level image processing routines and used to infer
the probability of potential events defined in a library of scenario event models.

Events in the scenario library are modeled using a hierarchical event representa-
tion, in which a hierarchy of entities is defined to bridge the gap between a high-level
event description and the pixel level information. Fig. 2 shows an example of this
representation for the event “converse,” which is described as “a person approaches
a reference person from a distance and then stops at the reference person when he ar-
rives.” Image features are defined at the lowest layer of the event representation. Sev-
eral layers of more abstract mobile object properties and scenarios are then
constructed explicitly by users to describe a more complex and abstract activity
shown at the highest layer.

Mobile object properties are general properties of a mobile object that are com-
puted over a few frames. Some properties can be elementary such as width, height,
color histogram or texture while the others can be complex (e.g., a graph description
for the shape of an object). Properties can also be defined with regard to the context
(e.g., “locate in the security area”). In Fig. 2, mobile object properties are defined
based on the characteristics of the shapes and trajectories (motion) of the moving
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Fig. 1. Overview of the system.
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Fig. 2. A representation of the complex event “converse.”

blobs. The links between a mobile object property at a higher layer to a set of prop-
erties at the lower layers represent some relation between them (e.g., taking a ratio of
the width and height properties to compute the aspect ratio of the shape of an ob-
ject). Typically, approximately three layers of properties are defined and used in a
broad spectrum of applications. A filtering function and a mean function are applied
to property values collected over time to minimize the errors caused by environmen-
tal and sensor noise.

Scenarios correspond to long-term activities described by the classes of moving ob-
jects (e.g., human, car or suitcase) and the event in which they are involved. Both the
object class and the event have a confidence value (or a probability distribution) at-
tached to them based on statistical analysis. Scenarios are defined from a set of prop-
erties or sub-scenarios. The structure of a scenario is thus hierarchical. We classify
scenario events into a single-thread and a multiple-thread event. In a single-thread event,
relevant actions occur along a linear time scale. Single-thread events are further cate-
gorized into a simple or complex event. Simple events are defined as a short coherent
unit of movement (e.g., “approaching a reference person”) and can be verified from a
set of sub-events (“getting closer to the reference person,” “heading toward,” etc.)
and mobile object properties. Complex events are a linearly ordered time sequence
of simple events (or other complex events), requiring a long-term evaluation of sub-
events. In Fig. 2, the complex event “converse’ is a sequential occurrence of “approach
a reference person” and ““stop at the reference person.” A multiple-thread event is com-
posed of several action threads, possibly performed by several actors. These action
threads are related by some logical and time relations. In a typical application, there
are about two to four layers of single-thread events and another two to four layers
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of multiple-thread events. Since our event representation at the scenario level maps
closely to how human would describe events, little expertise is expected from the users.
The users only need to have basic understanding of our event taxonomy.

Recognition process begins with the evaluation of the evidence (image features)
and the computation of the probabilities of simple events at each time frame based
on Bayesian analysis. The probabilities of simple events are then combined in a long
term to recognize and segment complex events. Multiple-thread events are recog-
nized by combining the probabilities of complex event threads whose temporal seg-
mentations satisfy the logical and time constraints. We describe in detail each
component of our system in the following.

4. Detection and tracking

Activity recognition by computer involves the analysis of the spatio-temporal inter-
action among the trajectories of moving objects [1,3,6]. Robust detection and tracking
of moving objects from an image sequence is therefore an important key to a reliable
activity recognition. In the case of a static camera, the detection of moving regions is
relatively easier to perform, often based on background modeling and foreground seg-
mentation. However, noise, shadows, and reflections often arise in real sequences,
causing detection to be unstable. For example, moving regions belonging to the same
object may not connect or may merge with some unrelated regions. Tracking moving
objects involves making hypotheses about the shapes of the objects from such unstable
moving regions and track them correctly in the presence of partial or total occlusions. If
some knowledge about the objects being tracked or about the scene is available, track-
ing can be simplified [21]. Otherwise, correspondence between regions must be estab-
lished based on pixel level information such as shape and texture [5]. Such auxiliary
knowledge other than the sensed data is called context. In many applications, a large
amount of context is often available. In this paper, we demonstrate the use of the
ground plane information as a constraint to achieve robust tracking.

Robust tracking often requires an object model and a sophisticated optimization
process [22]. In the case that a model is not available or the size of the image of an
object is too small, tracking must rely on the spatial and temporal correspondence
between low-level image features of moving regions. One difficulty is that the same
moving regions at different times may split in several parts or merge with some other
objects nearby due to noise, occlusion, and low contrast. Fig. 3 illustrates one of
these problems, where the moving region R at time 7 (a human shape) splits into

(A) Frame 74. (B) Frame 75.

Fig. 3. Splitting of moving regions and noise.
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two smaller regions R;"' and R;"' and noise detected at time 7 + 1. The image corre-
lation between the moving region R! and R}“ or Ri™ by itself is often low and creates
an incorrect trajectory. Filtering moving regions is therefore an important step of a
reliable trajectory computation.

4.1. Ground plane assumption for filtering

Let us assume that objects move along a known ground plane. An estimate of the
ground plane location of the lowest point of a moving region can be used as a spatial
constraint to find the best candidate region that corresponds to R!. This is illustrated
in Fig. 4. The dotted line shows the projection of moving region R! of frame 74 on the
ground plane, whose correspondence is to be found at frame 75. The solid lines show
the projection of two moving regions detected at frame 75. Given that objects move
on the ground, R.™ is unlikely to correspond to R! (the head blob) as they would be
located too far apart on the ground plane. The best candidate region R}“ (the body
blob) can then be selected as the most likely region correspondence accordingly.
Other moving blobs for which no correspondences are made are tracked by their re-
lationship to the body blob.

To accurately compute the world coordinates of a point on an image plane, we
need the parameters of a camera model. However, if we only need to estimate the
3D locations of points of moving regions on a ground plane, we can choose the
world coordinate system such that Z = 0 as we are only interested in (X, Y) positions.
This reduces the 3 x 4 perspective camera transformation matrix to a 3 X 3 projective
transformation matrix (or plane homography) as follows:

X hithiahs X
X2 | = | harhaohy Y
X3 h3ihshss 1

Since the non-singular homogeneous matrix H has 8 degrees of freedom, four or
more points correspondence (x,y) to (X, Y) are enough to determine it uniquely,
where x = x;/x3 and y = x»/x3. For the scene shown in Fig. 5 where the distance of
an object from the camera is approximately 37m, we collected 8 points correspon-
dence and solved for H with an error margin of 15cm.

Projection of Ri
Image Plane at frame 74

Eameiy (frame 75)

f ' Projection of Rj
i Projection of Rk

/Ground Plane

Fig. 4. Projection of the bottom points of moving regions on to the ground plane.
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Ref Obj

frame 241

frame 405 frame 436

frame 490 frame 557

Fig. 5. The “Stealing by Blocking” sequence. ““A” approaches a reference object (a person standing in the
middle with his belongings on the ground). “B”” and “C” then approach and block the view of “A” and the
reference person from their belongings. In the mean time, “D” comes and takes the belongings.

4.2. Merging regions using K-S statistics

The best region candidate chosen based on a ground plane location may not be of
the correct shape as shown by R;. It may need to be merged with other sub-regions
subject to some similarity measure. This merging process is iterated until no further
merging occurs. In the final step, regions that are too small to represent valid objects
can be disregarded.

The merging process between the best candidate sub-region R}“ and sub-region
R is performed as follows. We first make a hypothesis that both regions belong
to the same object represented by R;.j,'{l and that their pixel data are drawn from
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the same distribution as those of R!. To test this hypothesis, we compute the spatial
similarity between R”,;l and R.. We base the test on the distribution of gray intensity.
The Kolmogorov— Sm1rn0v (K S) statistics [23] provides a simple measure of the
overall difference between two cumulative distribution functions. Let us assume that
the intensity distribution of a region R, is modeled by a Gaussian distribution
(N(x, tyn, 0,,,)). K-S statistics (D) of two regions R,, and R, can be computed as fol-
lows:

X 1 7(:»’*11,5:)2 X 7(%#,2,)2
e Y dx|— e 7 dx|. 1
/o vV2no,, V2no, m
The significance level of D is then computed as O, ([N, + 0.12 4+ 0.11/1/N¢]D), where

. . . 1 R'"
N, is the effective area of the regions (N, = %) and

Oy, (2 i Y eV 2)

D(Ry; Ry) = oanBXss

Regions are merged if the significance level and the K-S statistics of R} and R’J;(l are
lower than those of R} and R’+1 If the type of objects are known (e.g., a human) a
constraint on the size of the movmg regions after merging can also be used as a cri-
terion to reject incorrect hypotheses.

Fig. 5 shows the detection of moving regions of the “stealing” sequence at differ-
ent times. To track objects in the sequence, a graph representation is used [5]. Fig. 6

frame
360

ngn

(A) Before. (B) After.

Fig. 6. A graph representation of the possible tracks of object “D.” (A) Without using the ground plane
knowledge, several hypotheses can be made about the possible tracks of the object. (B) After filtering,
regions are merged or disregarded, decreasing the ambiguity.
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shows the graphs used for tracking object “D” before and after applying our filtering
process. The nodes at each layer represent the moving regions detected at one vid-
eo frame. An edge indicates a hypothesized correspondence between two regions
of different frames. The nodes that are linked from the same parent represent
the moving regions detected within the neighborhood of the parent node. The gray
nodes in the figure show moving regions of another object being tracked nearby.
The numbers associated with the edges indicate the similarity of the region distri-
bution based on K-S test ranging from 0 to 1. In Fig. 6A, several hypotheses can
be made about the possible tracks of “D” as indicated by numerous branching
edges along the path from frame 360. However, none of these represents a correct
track since most of the edges coming from a single parent node or going to a sin-
gle child node are the results of the splitting and merging of moving regions as
shown in Fig. 3. For example, at frame 360 and 368, “a” and “b” split into sev-
eral sub-regions at the following frames. Fig. 6B shows the tracking graph after
filtering regions based on the ground plane locations and K-S statistics. At frame
361 and 369, moving regions are merged and produce a higher similarity level to
the moving region of the previous frame. At frame 365, 366, and 367, some mov-
ing regions are discarded as noise as they contradict with the ground plane as-
sumption or when merged with the best candidate region, the similarity level
decreases. After filtering, some tracking ambiguity may still remain in the graph.
For example, the node at frame 362 can be associated with two regions in the fol-
lowing frame, one of which is also associated with the moving region of another
object nearby. Such ambiguity can be removed based on other criteria such as
event context.

4.3. Resolving the discontinuity of object trajectories

The discontinuity of tracks of moving objects in an outdoor scene often arises when
moving objects are not detected for a few frames, such as from total occlusion, or when
all regions do not satisfy the ground plane assumption. This is shown in Fig. 7. In this
case, hypotheses about connections of fragments of tracks need to be made. We verify a
hypothesis about the track correspondence based on the similarity of the intensity dis-
tribution of the moving blobs. We also evaluate events with various possible mergers
and choose the one that gives the highest value. Fig. 8 shows the final results of our
tracking approach, where the correct shapes of moving objects are recovered and the
confusion of possible multiple tracks is reduced.

5. Event classification and representation

Events are viewed as consisting of single or multiple threads. In a single-thread
event, relevant actions occur along a linear time scale (as is the case when only
one actor is present). In multiple-thread events, multiple actors may be present. A sin-
gle-thread event may be further categorized into a simple or complex event. We de-
scribe in detail how these events are defined and modeled in the following.
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(B) Discontinuing tracks between object 5 and 6.

Fig. 7. (A) Object 3 is considered a different object from object 2 due to the total occlusion. (B) Due to the
reflection on a car surface, the moving region of object 5 is larger than that of object 6, causing the
discontinuity of the trajectory.

frame 340 frame 571

Fig. 8. Trajectories of the objects tracked using the ground plane knowledge and K-S statistics.

5.1. Simple, single-thread events (or simple events)

Simple events are defined as a short coherent unit of movement described by a
concurrent logical constraint on a set of sub-events (other simple events) or directly
from a set of mobile object properties. For example, in Fig. 2, simple event “a person



S. Hongeng et al. | Computer Vision and Image Understanding 96 (2004) 129-162 141

is approaching a reference person’ is described by the occurrence of three sub-events:
“getting closer to the reference person,” “heading toward it,” and “‘slowing down.”
These sub-events are defined from the properties of the object trajectory. The repre-
sentation of a simple event can be viewed as an instantiation of a Bayesian network.
Bayesian networks allow users to directly determine the causal relations between mo-
bile object properties and simple events, reducing the complexity and redundancy of
the representation. Simple events are verified at every frame from the probability dis-
tributions of the sub-events at that instance.

5.2. Complex, single-thread events (or complex events)

Complex events correspond to a linearly ordered time sequence of simple or
other complex events. They may take place over long sequences (100 frames or
more) and are usually over at least 10 frames. For example, “converse” is a linear
occurrence of two consecutive simple events: “a person approaches the reference
person,” then “stops at the reference person.” We propose to use a finite-state au-
tomaton to represent a complex event as it allows a natural description [6]. Fig. 9
shows an automaton representation of “‘converse,” where each automaton state
represents a sub-event.

5.3. Multiple-thread events

Multiple-thread events correspond to two or more single-thread events with some
logical and time relations between them. Each composite thread may be performed
by different actors. In such case, multiple-thread events can be considered to model
interactions among actors. In [16], interactions among actors are modeled by cou-
pled HMMs. In coupled HMMs, interactions are defined at a fine temporal granu-
larity and are represented by probabilistic transitions from a hidden state of one
HMM to other hidden states of another HMM. In our case, we consider event
threads to be a large-scale event and propose to use the binary interval-to-interval
relations, first defined by Allen [24], such as “before,” “starts,” “during,” and “over-
lap,” to describe temporal relations between sub-events of a multi-thread event. For
example, “Event A must occur before Event B” and “Event A or Event D occurs.”

A multi-thread event is represented by an event graph similar to interval algebra
networks [24]. One particular specification of an event that we call “stealing” may be
composed of several threads of complex events performed by four actors, as

rq 1 State 2
i S4: approach S,: stop at
> > (staying around)

Fig. 9. A finite-state automaton that represents the complex event “converse.”
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Table 1
Description of the multiple-thread event “‘stealing”

Description of sub-events of “stealing”

converse actor approaches his friend and drops a suitcase on the ground
approachl actor, approaches and stops between actor; and the suitcases
approach2 actor; approaches and stops between actor;’s friend and the suitcases
blocking actor, or actors are blocking the view of the suitcases

taking_object actor, approaches and takes the suitcases away

Time
B
@pproachD @pproachZ)

L N T
{ () @

Fig. 10. A graphical description of a multi-thread event.

described in Table 1. The temporal constraints among these events are that: (1) “con-
verse” occurs before “approachl” and “approach2,” (2) “blocking” starts right after
or some time after approachl or approach2, and (3) “taking_object” occurs during
“blocking.” Fig. 10 shows a graphical representation of these events. The symbols
“b,” “d,” and “s” stand for interval temporal constraints “before,” “during,” and
“starts,” respectively.

6. Single-thread event recognition

To recognize which event model matches the video images the best, the entities in
the representation must be computed. Computations at each level are inherently un-
certain, hence a formal uncertainty reasoning mechanism is needed. We propose the
use of Bayesian methods for making an inference about single-thread events, which
are then combined to compute the probabilities of the multiple-thread events.

Suppose we have a set of competing event scenarios S = Sy,...,Sy. Let O, repre-
sents a set of mobile object properties computed at time frame ¢;. Given a temporal
sequence of observations O; , = 0,0, - -O, of moving objects, we want to make a de-
cision as to which event has occurred and when it starts and finishes. To make such a
decision, we want to compute Vi, P(S]0;,,) and find the event with the maximal
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value. P(S]0;,,) can be computed by inferring the distribution of sub-event values at
the lower layers and propagating them towards the top layer. In particular, the event
recognition process starts with the computation of the likelihood of single-thread
events from the properties defined for the moving object of interest. The probabilities
of these single-thread events are then combined to verify a multi-agent event. In this
section, we discuss the Bayesian inference of P(S;|O; ;) where S, is a single-thread
event.

6.1. Object class and simple event recognition

The class of an object and its simple events are both represented by a Bayesian
network and are inferred from the mobile object properties computed during a time
frame. In Bayesian terms, the input entities are viewed as providing the evidence
variables and the task is to compute the probability distribution of an output entity
hypothesis. If the entities to be combined are statistically independent (given the sce-
nario), a simple naive Bayes’ classifier can be used to compute the distribution of the
combined result. When the entities are not conditionally independent, Bayesian net-
works offer an efficient representation that can represent dependence by decompos-
ing the network into conditionally independent components. To effectively use
Bayesian networks, we need the knowledge about the network structure (i.e., which
entities are directly related or linked to which entities) and the conditional probabil-
ities associated with the links.

6.1.1. The structure of Bayesian networks

In our case, the structure of the network is derived from the knowledge about the
domain. For example, the logical constraints of sub-events that represent the recog-
nition of a particular event indicate the direct causal link between them (i.e., the
sub-events are the consequences of that event). By defining each event such that
its sub-events are conditionally independent of each other given the event values,
the hierarchy such as the one in Fig. 2 can be converted naturally into a Bayesian
network which is composed of several layers of naive Bayesian classifiers (i.e., no
hidden nodes). Each layer in the hierarchy can be viewed as having several naive
Bayesian classifiers (one classifier per each scenario). Belief propagation is performed
in one direction from the bottom layer to the top layer.

In Fig. 2, at the top layer, the parent event “approach a reference person,” is linked
to three child events: “getting closer to the reference person’ (ey), “heading toward the
reference person’(e,), and “slowing down’ (e;). These child events form another layer
of three naive Bayesian classifiers (e.g., e; becomes a parent of “distance evolution”
(the difference of the distance to the reference object at frame ¢ and ¢—1)). The prob-
ability distribution over the parent event values in Bayesian classifiers (P(H|ey, €2, €3))
is inferred from the distribution of child event values and the conditional probabil-
ities of child events given the values of the parent event as shown in Fig. 11. Given
that e, e,, and ez are conditionally independent given H, the belief is propagated
from the sub-events ej, e,, and e; to infer the probability distribution of H (i.e.,
P(H|ey,e5,e3)) by applying Bayes’ rule as follows:
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H : approach

the reference
person

71\

(el : getting} [62 : heading} (63 : slowing}

closer toward down

Fig. 11. A detailed illustration of a naive Bayesian classifier that is used to infer “approach the reference
person” in Fig. 2.

P(H|€1€2€3) = ocP(e] |H)P(€2|H)P(€3|H)P(H)
P(~H|eieses) = aP(e;|~H)P(es|~H)P(es|~H)P(~H),

where o is a normalizing constant such that P(Hle eye3) + P(—Hlejezes) = 1.

6.1.2. Parameter learning

Parameters to be learned in a Bayesian network are the conditional probabilities
of child events given the values of the parent event. Traditionally, these parameters
are learned using the Expectation-Maximization (EM) algorithm when hidden nodes
are present. In our case where all nodes are transparent (e.g., we can observe whether
the object is moving towards another object or whether it is slowing down), these
conditional probabilities (i.e., P(e]H) and P(e;|—H)) can be learned from image se-
quences directly such as by making a histogram of observed values of the evidence
variables, ey, e,, e3, given the value of a given hypothesis, H. In the case where a sin-
gle Gaussian distribution can be assumed, the Gaussian parameters (¢ and o) can be
computed easily.

6.2. Complex event recognition

Complex events, defined as a temporal sequence of sub-events, are represented by
a finite-state automaton as shown in Fig. 9 for the event “converse.” The dynamics of
the complex event is modeled by the probabilistic transitions among the event states.
For example, at time frame ¢, state i either advances to state i + 1 or remains in the
same state. Both sub-events of “converse” are simple events. The recognition process
consists of decoding the pattern of sub-events (which, in our case, are inferred from
observed motion and shape features) and segmenting them into the corresponding
states. As the occurrence of sub-events are uncertain, the decision on the transition
between states also becomes uncertain. We define the probability of a multi-state
complex event (MS) as P(MS*|0): the probability that the complete automaton state
sequence of MS occurs with the most likely state transition timing given the sequence of
observations O = O, ;). This can be computed as follows:

P(MS"|0) = max P(S, S |0), (3)

Y
Y(t1 b2ty (tz:3=1) (ty 1)

ty—1)
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where ¢, refers to the time that the transition to state i from state i — 1 occurs and
it,., ) Means that scenario event 7 occurs during #; and 7; 4 — 1.

For compactness, we drop the timing notation symbols and let S; be S; and Y

a1 -1
be Sy, 2 SN Similarly, let O, be Oy, ., 1) and O} be 0,0 + - --0;. The

computatlon of P(SN | O) can be decomposed into the recognition results of sub-events
by the following steps. First, from the conditional probability axiom, we have that,

P(SY|0) = P(Sn,S) ' |On, 0 ) (4)

= P(S)"'|Sn, 01, On)P(Sn |0V, O). (5)

By making an assumption that given Oy, Sy is independent of O} ~! and vice versa,
Eq. (5) can be written as:

P(SY]0) = P(S{™"|Sy, O " )P(Sy|Oy). (6)
From the conditional probability axiom, Eq. (6) becomes,
P(Sy|Sy~" OF P(SY O )P(Sy|Ox)

P(Sy|0)™") '

By making an assumption that Sy and O} "' are independent of each other, we can
write Eq. (7) as:

P(SY|0) = (7)

P(s710) = Pisyloy) | pisi-tor ). ®

By making a Markov assumption that the probability of being in state 7 at time ¢ de-
pends only on the state at time ¢ — 1 (i.e., P(Sy|S) ') = P(Sy|Sx-1,,,)), the terms in
the bracket in Eq. (8) can be written as ay_y _ | (the probability of the path being
taken from Sy _ ; to Sy normalized by all the possible paths from Sy _ ;). Eq. (8)
can now be written as:

P(SY|0) = P(Sy|Oy)ayn-1P(SY 'O} 7). )

We can recursively expand the term P(SY'|O)~") using Egs. (4)~(9) and finally get
that,

SN|0 H aii— 1P {1701 1 )|0(fi<fi+1*1))7 (10)
1<i<N
where ¢y + 1 =t and a; ; _ ; is assumed to be constant for all scenarios. By substitut-
ing Eq. (10) into Eq. (3), we have:
P(Ms*10) = max  [[ @ 1P(Si,,. 0us. 1) (11)
V(] yeenst) 1IN il

We describe next the algorithm to find the values of #1,z,,...,7y that maximize
P(MS*|0).

6.2.1. Complex event recognition algorithm
The direct computation of P(MS*|O) at time T using Eq. (11) involves an opera-
tion of O(TN) complexity since there are O(T ) combination of values of #1,t,,. .., tn.
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However, a more efficient recursive algorithm based on dynamic programming can
be applied. This algorithm is an adaptation of the Viterbi’s algorithm (used for
HMMs) to our finite-state automaton. Let R(z) be the likelihood that MS occupies
state i at time ¢ with the most likely transition timing between states given the obser-
vation sequence Oy, . That is,

Ri(t) :V(tIlI}zaXr P(Sl (12— Sz(/z-’rl) a 'Si(/,«l) |O(’1”)) (123')
:v(t?}g)it,ﬂ) H a/‘:/'_IP(S/.(r/-.fHI—])|0(tjv[/'+l_1>) (12b)

1<j<i

The solution for Eq. (3) is, therefore, equivalent to Rx(z). R() can be derived from
the previously recognized state 7 — 1 as follows. For short, let 4; be the term on the
right-hand side of the product.

R;(t) = max A4 13a
( V(11 ,t2 e esti) ll_[/<z ( )
= max |4; max A; 13b

i <<t V(11,12 yestiog) lgg—l / ( )

= Irln\ztlxg[A‘Ri,l(ti —1). (13c)

By substituting A4; back in Eq. (13¢), we have that,

Rl(t) = max a,‘,-_IP(S,-(r”I)|0(,,1,))R,-_1(t,- — 1), (14)

ti1 St

t:

Ibest

= argmax Q- 1P(S
til SESt

0GR (8 = 1), (15)

At time ¢, starting from state 1 where Ry(¢) is always 1, Eq. (14) is recursively processed
until the final state N is reached, where Rx(?) represents the probability of the sequence
of states occurring with the optimal transition timing ¢, .t ;- -, IV, (€.
P(MS*|0)).
6.2.2. Finding t;, , that maximizes R;(t)

To compute R(¢) in Eq. (14), two issues need to be addressed: how P(S
computed and how to search for ¢; that maximizes R(?).

One way to derive P(S;, |0, ) is to write it out in terms of state transitional prob-
abilities (a; ;) and the probability of the state S,-,/ given O, foralls; < t; <

)|0ht)

I(/

P(Si,|0un) = ( II P(Sf,,|0z/)>(an)’ (1= ay). (16)

<t <t

This is similar to the probability computation method in the traditional HMM de-
coding except for the alternate role of §;, and O,,. One weakness of Eq. (16) is that
the event duration is 1nappropr1ately modeled by an exponential function
(a,,)t (1 - a;;). Unlike the case of speech recognition where the duration of a
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phoneme (e.g., the sound /th in ““the”) is restrictively short, the duration of an activ-
ity is highly variable and can last for several minutes. Therefore, the exponential
model of event duration may not give accurate results.

A more accurate way of computing P(S;, ,[O(;,) is to model the event duration
explicitly (also known as a semi-HMM) [25]. Eq. (14) can be considered as one im-
plementation of the semi-HMM, where the best sequence of events are searched in a
longer time scale. Decoding a semi-HMM is NT times more complex than a conven-
tional HMM (where N is the number of event states and 7 is the total time frames),
since we need to re-evaluate P(S;, )|O,,) for all possible 7; at each time frame . In
our experiment, we approximate the decoding in the semi-HMM as follows.

We assume that all event durations are equally likely and, therefore, are canceled
out when alternative event paths are compared during the same period of time. We
approximate P(S;, |O,) by computing a temporal mean (expected value) of the
distribution of P(S,, |0,,) collected from frame ¢,, = ¢; to t,, = ¢ to average out the
noise.

To find the optimal #; (i.e., #;, ) that maximizes R(7), we would have to investigate
all possible values of each ¢, However, there is a criterion to disregard many of these
values as a candidate for ¢, . Let £, be a possible value of ¢;. One indicator for ¢, to be
disregarded as a potential candidate for ¢; is the fact that the accumulative probabil-
ity that scenario i does not occur during ¢ and ¢ is greater than the accumulative
probability that scenario i does occur, which indicates that scenario i does not occur
during ¢, and ¢. In general, only a certain numbers, say k, of such ¢; candidates
(* =t,,...,t;,) that compute the highest R(r) can be maintained.

i1

The algorithm for maintaining the set # is summarized in the following. Let

ttm

e S!(#,1) be the accumulative probability density of the scenario (above threshold &
which is inversely proportionate to the degree of noise in the image sequences)
from time 7 to ¢,

e S7(#,t) be the accumulative probability density when the scenario is not recog-
nized (i.e., under the threshold 6) from time ¢ to ¢, and

o E [S,-](M be the expected recognition value of event S; during ¢, and ¢. It represents
the temporal mean of the distribution P(S,-(l,1>|0(t;,,>) used in Egs. (14) and (15).

S7(#,t) and S; (£, ) are computed as follows:

S;L(t;"t) = Z P(Si,')a

t:. <j< t,P(S,j)>(5

Sitn = Y (1=P(Sy).

U< j<LP(S;) <o

E[Si] s, is computed from S} (7,¢) and S; () as follows:

If (S7(¢,1) > S (¢,1)),
then E[S,],, =

1—t

>

else, E[S)],, = 0 and 7 is discarded from the potential candidate values for ¢

Tbest *
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In terms of complexity, if only a certain number k of #; are maintained, we need to
update £ number of temporal means to compute R{?). Since this process is repeated
for all N states, the multi-state complex event recognition algorithm requires O(NT)
operations, which is as efficient as the Viterbi algorithm used in the HMM approach.
However, the construction of the model, and the initialization and learning of the pa-
rameters can be much easier in our case since the nodes of the network are transparent.

6.3. Analysis results of single-thread events

We constructed 18 Bayesian networks similar to the one shown in Fig. 2 to rep-
resent simple events. These events consist of actions related to both the object shape
(e.g., “stand,” “crouch’) and the object trajectory (e.g., “approach,” “‘stop at,” and
“slow down’). Some simple events are defined with regard to a geometrical zone
(e.g., a road) such as “moving along the path.” Eight complex events are modeled
by constructing an automaton of simple events or other complex events. The param-
eters of each network are assumed to be Gaussian distributions and are learned from
a training data set composed of up to 5 pre-segmented sequences (approximately 600
frames). Training sequences are staged performance by different pedestrians and
contain about half of positive and half of negative examples. They are taken in dif-
ferent days, weather conditions, and locations. A priori probabilities of all events are
assumed to be equal. These event models constitute the scenario library in Fig. 1. We
tested our single-thread event recognition algorithm on video streams collected in
various domains: parking lots, street corners and airborne platforms. In the follow-
ing, the algorithm is first demonstrated using the analysis results of the actions of
two objects in “stealing’ sequence (Fig. 5). Then, we show that our system can dis-
criminate and correctly recognize competing scenarios using videos obtained from a
different scene than the “‘stealing” sequence.

6.3.1. Recognition of “‘converse” and “‘taking object”

e The complex event “converse” is a sequential occurrence of two simple events:
“approach the reference person’” and “stop at the reference person.” This is, indeed,
the action performed by object “A” in the “‘stealing” sequence. We process the
“stealing” sequence by analyzing all simple and complex events modeled in the
library. Fig. 12A shows the evolution of the probabilities of four most significant

Obj A: Simple Events Obj A: "Converse"

1

- "WalkingAlongPath" 208

- "Approach" go.e

" " 004

Stop o2

ol

160 150 260 2:50 300 3‘50 400 4‘50 560 550 160 IéO 200 25;0 360 35‘0 460 450 560 5!;0
Frame Number Frame Number
(A) Simple events. (B) Complex event: Converse.

Fig. 12. Analysis of the single-thread events for object “A.”
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simple events. The probabilities of other simple events related to the trajectory are
lower than 0.2 at all time frames. These results correspond with the human obser-
vation of the action of object “A.” Object “A” first appears on the pedestrian
path (defined by the user using a polygon drawn on the ground plane) on the right
and moves along it for about 30 frames. It then proceeds toward the reference ob-
ject and stops. It can be noticed that the probabilities of “approach the reference
person” are considerably noisy compared to “stop at the reference person.” This is
because the recognition of “approach the reference person” depends on instanta-
neous direction and speed of the objects, of which the measurements are not sta-
ble. In contrary, “stop at” event varies smoothly on the distance measurements.
That is, once the object becomes close to the reference person, the probabilities
of “stop at” will remain high as long as the object does not appear to jump a dis-
tance.

Fig. 12B shows the evolution of the complex event “converse’ which is recog-
nized by detecting the sequential occurrence of “approach the reference object”
and ““stop at.” It can be noticed that even though ““converse” depends on the rec-
ognition of the noisy “approach the reference person,” its probability is more sta-
ble. This is because the temporal mean algorithm averages out the noise.
Complex event “taking Object” is a sequential occurrence of “approach the refer-
ence person,” “‘pick up object,” and ““leave.” It is modeled in a similar way to “con-
verse.” However, while all sub-events in “converse” are simple events, “pick up
object” 1s defined as a complex event “bend down” conditioned on the fact that
the suitcase has disappeared. ““Bend down’ is modeled by an automaton composed
of five shape-related event states: “stand,” “height decreasing,” ““crouch,” ““height
increasing,” and “‘stand.”

Fig. 13A shows the probabilities of the sub-events of “taking object” for the
object “D,” which match with the human observation. In Fig. 13B, “taking ob-
Jject” is recognized when its sub-events have sequentially occurred. We note that
“pick up object” is, in fact, an articulated motion that, in an ideal case, should
be recognized by tracking movements of human limbs. However, in many appli-
cations (in particular, the surveillance of an outdoor scene), moving objects may
appear very small and tracking body configuration is not possible. We have
shown that, in such cases, the approximate movement of shape (i.e., the change
of the bounding box) may be combined with an event context (i.e., the fact that
the suitcase is missing) to recognize a more sophisticated activity.

Obj D: Simple Events Obj D: "TakingObject"
1 1
Z08f - "Approach” 208
% 0.6F o "PiCkUpObj" % 0.6
Soa " cave” S04
& 02 %02
0 0
00 150 200 250 300 0 400 450 500 550 00 150 200 250 300 350 400 450 500 550
Frame Number Frame Number
(A) Sub-events of “Taking Object.” (B) Complex event: “Taking Object.”

Fig. 13. Analysis of single-thread events for object “D.”



150 S. Hongeng et al. | Computer Vision and Image Understanding 96 (2004) 129-162

6.3.2. Recognizing competing events in a parking lot

We demonstrate the efficacy of our single-thread event recognition algorithm in a
different domain by analyzing 10 video streams (digitized at 15Hz) that capture ac-
tivities in two different parking lot areas. The parameters of the networks are learned
from sequences taken at the first parking lot. We tested the network on the sequences
taken from the both parking lots; the second lot has a different street structure (the
streets are of high curvature). We show results of two test sequences called sequence
A and B shown in Figs. 14A and 15A taken in the second parking lot.

6.3.3. Description of competing events

We model two competing events to be detected using our hierarchical representa-
tion. The first activity, “contactl,” is a complex event defined as an automaton of three
sub-events: “two men approach each other, make contact, turn around and leave.” These
sub-events are then described by the network similar to the one in Fig. 11. The second
activity, “passing by,” is also a complex event defined as “A man approaches another
man, walks past the other, and then leaves.” “passing by’ is described by a network sim-
ilar to the one for “contactl,” but with different sub-events.

6.3.4. Recognition results
The analysis results for sequence A are shown in Fig. 14B. The dotted, dotted-
dashed, and solid lines show the likelihood of the sub-events which are derived using

frame A.63 frame A.111 frame A.157

(A) Detection and tracking of moving regions for “contactl.”

Contact1 Passing By Mobile Object

1 «w gpproach piemimieieimieieie = 1 1 e approach
>08f = close_to_mob R 208 = close_to_mob
Zo06f - tun_and_leave 1 Eo.s- - leave
go.a E * 8 04
ao02f + contact! %02l  + passing_by
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I) Output of the “contactl” IT) Output of the “passing by”

(B) Recognition results of two competing activities.

Fig. 14. (A) Input sequence A shows a complex event “contactl.” Object 1 (at the top) approaches object
2 (at the bottom), makes contact (both objects have merged as they meet), turns around, and leaves. (B)
“contactl” is recognized with P(MS*|0) = 0.7. On the other hand, “passing by” is recognized with lower
probability (almost 0 at the end) since sub-event “leaving without turning around” is not established.
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(A) Detection and tracking of moving regions for scenario “passing by.”
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(B) Recognition results of two competing activities.

Fig. 15. (A) Input sequence B shows a complex event “passing by’’: Object 1 walks past object 2. (B)
“passing by” is recognized with higher confidence (P(MS*|0) = 0.6) than “contactl” (P(MS*0) = 0.2).

Bayesian networks described in Section 6.1. The line marked with “+” shows
P(MS*|0) computed based on our complex event recognition algorithm. The results
show that “contactl” is recognized with higher confidence (P(MS0) =0.7) com-
pared to “‘passing by” (P(MS'0) = 0).

Fig. 15B shows the analysis results for sequence B. This sequence depicts the event
“Passing By’ which is correctly recognized with probability of 0.6, while the event
“contactl” is poorly recognized at the lower value of 0.2.

7. Multi-thread event recognition

Multi-thread events are recognized by evaluating the likelihood values of the tem-
poral and logical relations among event threads. Constraint satisfaction and propa-
gation techniques have been used in the past [24] based on the assumption that
events and their durations are deterministic. We present in this section an algorithm
to verify and propagate temporal constraints when events are uncertain.

7.1. Evaluation of temporal relations
Suppose that we have two complex events: event A and event B, each with a

likelihood distribution similar to the one shown in Fig. 16. Computing the likelihood
of these events satisfying a temporal constraint requires an exploration of the
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Fig. 16. The likelihood of the complex event inferred by a probabilistic finite-state automaton. The event,
at different times, may have different likely start times as illustrated by “X,” depending on the most likely
transition timings between states considered up to the current frame.

combination of all possible event intervals of both events that may occur during time
frame 1 and the current frame. For example, to compute “A before B,” we need to
find a time # frame such that event A started and ended before ¢ and event B started
after ¥ and may still occur. The event intervals of 4 and B that give the maximal
combined likelihood define the occurrence of the multi-thread event.

In our case, the interval of an event can be inferred from the finite-state autom-
aton by keeping track of the transition timings between states and by making an as-
sumption that the end point of an event can be determined when the likelihood of the
event becomes very low. For example, in Fig. 18, assuming that an event ends when
the likelihood becomes lower than 0.05, we have three possible end times of this
event at frame 511, 542, and 575. From our experiment, the number of possible
end points of a complex event is relatively small compared to the length of video da-
ta. Suppose that event threads are independent of each other. After the constraint on
the interval of two events are verified, we can compute the likelihood of the multi-
thread event as the product of their probabilities. This computation requires a search
operation of O(k® * ') complexity if there is an average of k possible starting points
for an event model and R is the number of temporal relations in a series of nodes in
the event graph.

Other temporal relations can also be computed similarly. For example, to com-
pute “A4 during B,” we first find all possible event intervals of 4 and B. We then
search for a combination of these events that produces the maximal likelihood sub-
ject to a constraint that the start and end times of 4 must be during the interval of B.

Event threads that are defined using a logical constraint such as “and” and “or”
can be combined much easier than a temporal constraint, as we do not need to verify
a temporal relation. For “4 and B,” we compute the product of the event likelihood.
For “4 or B,” we choose the event with a higher likelihood.

7.2. Inferring a multi-thread event

A multi-thread event that is described by more than two event threads can be
inferred by propagating the temporal constraints and the likelihood degrees of
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sub-events along the event graph. For example, suppose that we have two event
constraints: “A before B” and “B before C.” To evaluate “B before C,” we need
to consider an extra constraint that “event B’ occurs after “event A.”

7.3. Multi-thread event analysis results

We have constructed four multi-thread event models, with the most complicated
event model being the “stealing” scenario. In this section, we illustrate our multi-agent
event recognition algorithm using the sequence “stealing”’ (Fig. 5). Fig. 17A shows the
recognition of the most significant complex events (modeled by a probabilistic autom-
aton) evaluated on objects A, B, C, and D. The plots in the figure correspond to the de-
tection of event nodes in Fig. 10. The results of simple events are omitted for clarity.
Object A is recognized to be performing “converse’ at approximately frame 200 after
it approaches and stops at the reference person. Objects B and C are recognized to be
performing “approach to block” at frame 400 and 320, respectively. These events are an
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(B) Multi-thread events evaluated related to “blocking” and the corresponding assignment of actors.
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(C) Two recognition results of “stealing,” each with different actor and temporal event combinations.

Fig. 17. Event analysis results of the sequence “‘stealing.”
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Contact1 recognition results on simulated data Contact1

T "I - approach :
é o8r 1 Z°8 ... close_to_mob
3 o6} 1 8T — tun_and_l :
é 04 7%("'““‘?{%%17 5oal rn_and_leave i
[ o §

02 1 021 4 contactt
ot 4 of
ClI 5(') |DID 15‘0 260 25‘0 30‘0 35‘0 40'0 60 70 80 90 100 110 120 130 140
Image Sequence Number Frame Number
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Fig. 18. (A) The recognition of “contactl” over 400 perturbed image sequences. (B) The recognition
results of a perturbed “contact]l” sequence with the loss of tracking on every three frames. The recognition
of sub-events becomes zero every time the mobile object is lost. “contactl,” however, is still correctly
recognized.

instantiation of “approachl” and “approach2” in Fig. 10. The “blocking” event is
detected as two objects approach each other and stop in the view blocking zone at ap-
proximately frame 400. Finally, Object D is recognized to be performing “‘taking ob-
Jjects.” Fig. 17B shows the recognition of the temporal relations defined in ““stealing”
together with the assignment of the actors. In Fig. 17C, the solid and dotted-dashed
lines show the probabilities of event “‘stealing,” where the sub-event “approach to
block” is performed by object B and object C, respectively.

We note that as the complexity of the event model increases, the probability of the
event tends to decrease. This is due to the introduction of more parameters, and
hence the ambiguity arises. To accurately select a rare but complex scenario, an al-
ternative model selection criteria that takes into consideration of the model complex-
ity is necessary.

8. Performance characterization

We have tested our system successfully on real video streams containing a va-
riety of events in addition to the ones shown in Sections 6.3 and 7.3. These
events are mainly for surveillance purposes such as “a person drops off a pack-
age,” “a person (a car) follows another person (another car),” and “people coop-
eratively exchange objects.” Evaluating the performance of an event detection
system, however, requires a much more extensive collection of data. In an ideal
case, the data set should contain all possible variations of any particular event
captured at various time, under different environments and possibly in a crowd.
Obtaining such data is possible if the action to be recognized is confined in a
highly structured scene and has little variation in the execution style as in the
case of sport events. However, significant scenarios such as “stealing” occur rare-
ly and sometimes have execution styles that are difficult to anticipate. Abstract
activities also allow for more variation in temporal constraints. For example,
the path and the duration that a thief takes to steal a suitcase can vary depend-
ing on the location of the suitcase. Simulated ‘“‘variation” of data may help in
such cases.
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There are several sources of variation that may affect the performance of our rec-
ognition algorithm:

e Bayesian networks can be affected by noise and error in motion detection and
tracking;

e Probabilistic event automaton can be sensitive to the variable durations of sub-
events in addition to the tracking noise;

e The performance of event graphs can be affected further by the variable timing of
event relations due to different execution styles.

In the following, we characterize the performance of our recognition methods us-
ing a spatio-temporal perturbation of the real tracking data that simulates these
noise and variation.

8.1. Loss of tracking

Suppose we are to detect event “contact]’ described in Section 6.3. We generate
400 perturbed sequences from sequence A shown in Fig. 14 by randomly inserting
and deleting the tracked mobile objects as follows. A random number uniformly dis-
tributed between 1 and 20 is generated and used as a timing point where the sequence
is perturbed. For each perturbed sequence, three such random numbers are selected
and used as timing point to duplicate or delete a frame or to remove the information
on the tracked blobs. For example, if the random number is 3, a frame may be in-
serted once in every three frame and so on. The smaller the random number is the
more the sequence becomes perturbed. As a result, mobile objects may appear to
be stationary or lost from time to time. The probabilities of “contact!” at the final
frame of each processing are shown in Fig. 18A. It shows that on average “contactl”
is recognized with a probability of 0.55 (with the highest value of 0.74 and lowest
value of 0.21). Fig. 18B shows the recognition result of a sequence where the moving
blobs were removed once in every three frames. From the stability of the line marked
with “+,” our method still infers the correct scenario.

8.2. Levels of noise

Suppose we are to recognize and discriminate between ““contact!” (Fig. 14) and
“passing by”’(Fig. 15). We generate noisy sequences from sequence A and B by corrupt-
ing the tracking data with Gaussian noise. First, we compute the mean (u = 13.01 cm/
frame) and standard deviation (¢ = 6.68 cm/frame) of the speed of walking humans de-
tected in both sequences. The tracking data of the original sequence is then corrupted
with a Gaussian noise G(¢ = 0, ) to simulate a noisy sequence, where w is the level
of noise. The larger the w is, the noisier the tracking data becomes corrupted.

In the following experiment, we test our algorithm on w =1, 3, and 7. Forty se-
quences of noisy “contactl” and “passing by’ are evaluated for each level of noise. If
the probability of the event model corresponding to the sequence is lower than the
threshold value (), we say that it produces a negative result. If the probability of



156 S. Hongeng et al. | Computer Vision and Image Understanding 96 (2004) 129-162

ROC on Dataset of Various Gaussian Noise Levels
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Fig. 19. ROC curves for a data set with various noise levels.

the competing event model is higher than 7, then we say that it produces a false
alarm. In an ideal case, the system would produce zero negative results and zero false
alarm. We characterize results in terms of a missing rate and a false alarm rate. The
missing rate is the ratio of negative results to all the positive sequences and the false
alarm rate is the ratio of the false alarms to all the positive sequences. A trade-off
between the missing rate and the false alarm rate can be exercised by varying the
threshold value. An optimal threshold can be selected to give the desired trade-off
for a given application based on some criteria. To help make such a decision, it is
common to plot a trade-off curve by varying threshold values. This curve is com-
monly called a receiver operating characterizing (ROC) curve.

Fig. 19 shows the ROC curves for each noise level for the detection of “contactl”
and “‘passing by.” It can be seen that when the standard deviation of the random
Gaussian noise of the tracking data is below 20.04 cm/frame (three times as much
as the walking speed standard deviation of humans), it is still possible to maintain
both the missing rate and the false alarm rate under 10%. This is because the Gauss-
ian noise only locally corrupts the ground location of an object frame by frame. The
overall shape of the trajectory is, therefore, still preserved. Such local noise is aver-
aged out during the temporal mean computation. The error occurs when the noise
repeatedly makes a large displacement while the person still stops at the reference
person, causing the recognition of ““stops at” to be weak for a long period of time.

8.3. Variable event durations

In this section, we examine how the duration of sub-events affect the recognition
of complex events. We model two competing complex events. The first event (EV),
“approach a reference person and then stop,” is composed of two sub-events: “ap-
proach” and “‘stop.” The second event (EV>), “approach a reference person and then
leave,” 1s also composed of two sub-events: “approach” and “leave.” We simulated,

for each complex event, a test data set of 20 sequences for five different noise levels
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(w=1, 3,5, 7, and 10) using the method described in Section 8.2. Half of the test
data set (i.e., 10 sequences) has a shorter duration of the second sub-event.

For each noise level, we analyze the test data set and compute the mean and stan-
dard deviation of the probabilities of both EV; and EV,. Figs. 20A and B show the
results of the “approach then leave” test sequences with different lengths of the sec-
ond sub-event (“leave the reference person”); 28 and 97 frames, respectively. The av-
erage probabilities of the positive event model EV, are shown in solid lines with the
standard deviation displayed with F-. The dotted lines are the probabilities of
the negative event model EV. Similar to Figs. 20A and B, Figs. 20C and D show
the analysis results of the “approach then stop” test sequences with different lengths
of the second sub-events; 97 and 106 frames, respectively. In Figs. 20C and D, EV,
(solid lines) become the positive event model.

It can be seen that the system can discriminate between competing event models
much better when the sub-events are observed for a longer period of time. That is, a

"Approach Then Leave": Short Test Sequences (28 Frames) Approach Then Leave": Long Test Sequences (97 Frames)
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larger gap between the solid and dotted lines is observed at every noise level in Figs. 20B
and D than Figs. 20A and C. Especially in the “approach then leave” test sequences, the
system discriminates poorly between EV; and EV, when the event “leave” is not
observed long enough. This, in fact, corresponds with human observation because
observers get confused when the event duration is one or two seconds long.

8.4. Varying execution styles

It is conceivable that the recognition of a multi-agent event may vary as a result of
a change in the pattern of execution by an actor. Such variation, however, should not
be significant in a robust system as long as the temporal relations among sub-events
do not change. One of the greatest difficulties in the performance analysis of a multi-
agent event detection system is to find an extensive set of real test data that includes
all possible action execution styles by individuals. Analyzing the ROC curves on syn-
thetic data similar to the case of single-thread events may help.

We define two competing multi-agent events for the ROC analysis. The first event
is “stealing,” of which the event graph is described in Section 5. The second event is
“cooperative object transfer” and is described as a person approaching to converse
with another person whose luggage is left on the ground. Then, another person co-
mes to take the luggage away. Discriminating these two events is extremely challeng-
ing because they are very similar. The difference between them is whether or not the
view of the belongings is obstructed while there is a transfer of the ownership. The
event graph representation of “cooperative object transfer” is shown in Fig. 21.

We simulate a test data set composed of 21 “stealing” sequences and 21 “cooper-
ative object transfer” sequences. Simulated sequences are generated as follows. First,
the trajectory of each object in the original sequence is extracted and smoothed out
to obtain a principal curve. Then, four points on the principal curve are selected such
that that curve is segmented into five segments of an equal length (k). The four points
are then randomly perturbed with Gaussian noise G(u = 0,6 = 2k) and fitted on a
smooth B-spline curve. Finally, tracking data (the points along the B-spline curve)
is assigned according to the estimated walking speed (13.01 cm/frame) and standard
deviation (6.68 cm/frame) of a human. The variable lengths of the perturbed trajec-
tories introduce variations in the timing among event threads. Therefore, we manu-
ally classify and correctly label each of the perturbed sequences.

Fig. 22 shows the ROC curve for the test data set. Even though the two events are
very similar, by choosing an appropriate threshold, we can achieve the detection rate

Time

H converse

{b, d}

(d)
non-blocking) <—— (taking obj
Y

Fig. 21. A graphical description of the event “‘cooperative object transfer.”
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ROC on Dataset of Variable Execution Styles
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Fig. 22. ROC curves for a data set with varying execution styles.

as high as 81% while keeping the false alarm rate at 16%. The main reason for misde-
tection is the critical event “blocking” that helps discriminate between ““stealing” and
“cooperative object transfer” cannot be recognized when the persons who perform
“blocking” action move abruptly away repeatedly during the blocking. It also fails
when the blocking person walks past the reference objects shortly and comes back to
block, causing the “approach to block™ event (i.e., “approachl” and “approach2”) to
be weakly recognized.

9. Discussion

This paper presents an approach for both single- and multiple-actor activity rec-
ognition. We propose a transparent, generic (extendible) activity representation that
provides the flexibility and modularity in event modeling scheme and simplifies the
task of parameter learning. Bayesian networks and probabilistic finite-state auto-
mata are used to describe single-actor activities. The interaction of multiple actors
is modeled by an event graph, useful for the recognition of plans and coordinated
activities. We have developed a complete system and shown, by real-world examples,
that events can be inferred and segmented from video data automatically by a prob-
abilistic analysis of the shape, motion and trajectory features of moving objects.

9.1. Computation time

We have described in Sections 6.2 and 7.1 that the complexity of the single- and
multi-thread event detection algorithms are O(NT) and O(k® * 1), respectively. The
computation time to process a video, however, depends on other free parameters
such as: the number of moving objects and the number of scene contexts (e.g., check-
point zones, phones, and pedestrian paths). Table 2 shows the computation time of
two most complicated sequences together with the free parameters; SE, CE, MT, and
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Table 2

Computation time of video sequences

Sequence Number of objects Frames SE/CE/MT/Ctx Time (s) fps
ObjTransfer 3 640 83/11/3/1 453 0.71
Stealing 4 460 104/15/2/3 994 0.46

Ctx are short for the numbers of simple events, complex events, multi-thread events,
and contexts, respectively.

We note that the computation time does not include motion detection and track-
ing processes. We have processed these sequences using a PI1-333 MHz machine with
128 MB of RAM. To convert the computation time to today’s processing power
(e.g., P4-2GHz with 256 MB RAM), we can approximately divide it by 8. The num-
ber of start times (#*) to maintain for each sub-event of a single-thread event is set to
2 (see Section 6.2).

From Table 2, the average frame rate is approximately 9.36 fps by today’s process-
ing power. To detect “ObjTransfer,” all 11 complex events are defined with regard to
other moving objects, which are unbound parameters. Events with an unbound pa-
rameter can significantly increase the computation time. For example, if there are
three objects in the video, there will be six possible combinations of (actor, reference)
pairs for each complex event to be analyzed. In the cases where the number of mov-
ing objects are high (a crowd of people), some pruning of the (actor, reference) pairs
may be necessary.

9.2. Future work

In the following, we provide some discussion on each component of our system
and future work.

e We have demonstrated at many processing levels the use of context information
for event recognition task. Knowledge of the ground plane has been used to filter
moving regions and improve the tracking results. We believe that the ground
plane assumption is valid in many cases and our method can easily be applied
to another type of known surface. However, this approach requires a robust de-
tection of the feet of the objects, which may not be available in some applications.
Tracking a crowd of people, necessary for many surveillance applications, is also
still very difficult due to self-occlusion and the occlusion of the body parts with
others. A robust filtering mechanism that integrates both the low-level (e.g., color
distributions, textures) and the high-level (e.g., the consistency of actions) infor-
mation may be useful in such cases.

e Our activity representation is currently based on 2D shape and trajectory features.
However, it provides layers of abstraction which allows an integration of other
complex features (e.g., human pose configurations, optical flow statistics) to de-
scribe more sophisticated events. An additional mechanism to derive the probabil-
ity of an abstract event entity from these complex features may be required. Also,
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a further development of the temporal and logical constraints may be required to
represent a more sophisticated scenario model. For example, numerical con-
straints such as “A occurs before B at least an hour ago” or additional logical con-
straints such as “no other events should happen between A and B” may be allowed
to enhance the characterization of a scenario.

e In Section 8, we notice a decrease of the recognition performance on noisy se-
quences and on variable execution styles of activities. The recognition of the inter-
action of actors, in fact, relies on the accuracy of the detection and segmentation
of complex events. Currently, several assumptions are made about the probability
distributions in complex event modeling. Some of these assumptions (e.g., a uni-
form distribution of event durations) may be removed to improve the accuracy of
the analysis.

e We have demonstrated a preliminary performance evaluation scheme that vali-
dates our system on some aspects of a real application. Analysis of the ROC
curves on synthetic data is useful when obtaining enough test data set is not pos-
sible. With an increasing number of other event recognition approaches, a more
systematic performance evaluation procedure is required to make useful compar-
isons between algorithms.

e One concern about the scalability of our system is that the complexity of our in-
ference method depends on the number of moving objects and the complexity of
the scene (e.g., the number of reference scene objects). Currently, we analyze all
scenarios of all possible combinations of moving objects and reference objects.
The complexity can be decreased by the use task context to process only relevant
scenarios and the use of heuristics (e.g., a threshold on the proximity of relevant
object) to choose only the objects that may involve in a particular activity.
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