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Abstract

The significant increase of video data in various domains
requires effective ways to represent video by its semantic
content. This paper proposes a system to extract useful
evenis defined by approximate but efficient world models,
independently of context. Changes and the behavior of low-
level features of the scene's objects are continually moni-
tored. When certain conditions are met, events related to
these conditions are detected. Proposed events are suffi-
ciently broad to assist surveillance and retrieval of video
shots, Extensive experimentations on more than 10 indoor
and outdoor video shots containing a total of 6371 images
including sequences with noise and coding artifacts have
demonstrated the reliability and the real-time response (up
to 10 frames per second) of the proposed system.

1. Motivation

The significant increase of video data in various do-
mains, such as surveillance and video retrieval, requires ef-
fective, efficient, and automatic ways to extract high-level
video features and represent video shots. A video shot con-
sists, in general, of moving objects [4], their low and high-
leve] features within a given environment and context. Stud-
ies have shown that low-level features are not sufficient for
effective video representation and that objects need to be
assigned high-level features as well [5, 6].

High-level object features are generally related to the
movement of object and are divided into context indepen-
dent and context dependent features. Context independent
features include object movement, activity, action [2], and
related events. High-level features are generally applicable
when they convey fixed meaning independently of context.
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An event expresses a particular behavior of a finite set of ob-
jects in a sequence of a small number of consecutive images
of a video shot. An event consists of context-dependent and
contexi-independent components associated with a time and
location. For example, a deposit event has a fixed semantic
interpretation (an object is added to the scene) common to
all applications but deposit of an object can have a variable
meaning in different contexts. In the simplest case, an event
is the appearance of a new object into the scene or the exit of
an object from the scene. In more complex cases, an event
starts when the behavior of objects changes.

An event detection technique should automatically and
efficiently provide generally useful events. In the remain-
der of this paper, Section 2 discusses related work, Section
3 describes a real-time system to detect useful events based
on motion and other object features, Section 4 presents ex-
perimental results, and Section 5 concludes the paper.

2. Related work

There has been little work on context-independent event
detection. The system in [3] is based on motion detection
and tracking using prediction and nearest-neighbor match-
ing. The system is able to detect basic events such as de-
posit. It can operate in simple environments where one hu-
man is tracked and translational moticn is assumed. It is
limited to applications of indoor environments, cannot deal
with occlusion, and is noise sensitive. Moreover, the defini-
tion of events is not widely applicable.

The event detection system for indoor surveillance ap-
plications in [7] consists of object extraction and event de-
tection modules. The event detection module classifies ob-
jects using a neural network. The classification includes:
abandoned object, person, and object. The system is lim-
ited to one abandoned object event in unattended environ-
ments. The definition of abandoned object is specific to a
given application. The system cannot associate abandoned
objects and the person who deposited them.



3. Proposed approach

In [17 we developed a computational framework to ex-
tract low and high-level features to represent video shots,
The framework in [}] consisted of integrated modules for
object segmentation, motion estimation, object tracking,
and region merging. The purpose of this study is to use
this framework to detect a number of useful events, inde-
pendentty of context. Event detection is performed by in-
tegrating object and motion featurcs. i.e., combining trajec-
tory information with spatial features, such as size and lo-
cation. Objects and their features are represented in tempo-
rally linked lists. These lists are monitored to detect events
as they occur. Here following are the definition of the events
that the current system detects automatically. Let () be
an image in a video shot and 0; a segmented object in I(n)
[j.

Enter An object, O;, enters the scene at time n if all the
following conditions are met:

o O; € I(n),
e ;¢ I{n—1),i.e, zero match My :1 O; meaning O,
cannot be matched to any object in f(n — 1), and

* ¢; is at the border in I{n). ¢; is the centroid of O;.
Enter is detected when a portion of object becomes visible.

Appear An object, O;, appears ai time n if

e O; € I{n),

e O; ¢ I{n—1),ie., zero match My :+4 O;, and

s ¢; is not at the border in I(n).

Exit (leave) An object, Op, exits at time 7 if

e Opel{n—1),

e O, ¢ I(n),i.e., zero match My : O, H,

& ¢ is at the image border in I{n — 1), and

e g > 1, where g, is the age of O, and ¢, a threshold.

Disappear An object. O,, disappears at time n if

e Opclin—-1),

e Op ¢ I(n),i.e., zero match My : O ,

® ¢, is not at the border in [ (7 — 1), and

= gp >ty

Move An object, O;, moves at time « if

o 0; € I(n),
M; : Op — O, (afunction assigning O at time n — 1
an object O; at time n) where O, € I{n — 1), and
the median of the motion magnitudes of O; in the last
k images is larger than a threshold ¢,,,. Typical values
of k are three to five and ¢,,, is one. There is no delay
to detect this event because motion data at previous

images are available.
Stop An object, O;, stops at time n if

o O; € I(n),
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e M;:0, — O; where O, € I{n ~ 1),
« the median of the motion magnitudes of O; in the last
k images is less than a threshoid t,,, .
Occlude/occluded Let O,,,0,, € I{n ~ 1), M; :
0y, — O; where O results from the occlusion of O, and
Oy, in I(n), dp,, the distance of the centroids of Op, and
of Op,, w = (ws,w,) the current displacement of O,,,
i.e., between I{n — 2) and I(n — 1), and dy, (d,,, )} is the
vertical displacement of the lower (upper) row, d._. {dc..)
is the horizontal displacement of the right (left} column of
Oy, . Object occlusion is declared if

(g droa] > 0 A (drs > OV A (s < 1))V
((|wy - d"'m;n| > tl) A (d"‘min > 0) A (dilz < tl)) A
((lws ~depu | 2 ) A (doy, > WA {din <12)) WV
((we ~ depiel > t1) A (de, > 0) A (diy, < £2))

(1}

t1 and ¢ are thresholds. With occlusion, at least two objects
are involved where one is moving. With two objects, the
object with the larger arca is defined as the occluding object,
the other the occluded object.

Remover/removed Let O; € I(n) and 0. G, € I{n—
1) with M, : Op — Oy, Qp removes O if

e O, and O, were occluded in I{n — 1),
e Oy ¢ I(n), i.e., zero match My : O, -, and

e the area A, of Oy is smaller than that of Oy, i.e., %j- <
ta. t, < 1 being a threshold.

Remeval is detected after occlusion. When occlusion is de-
tected the tracking technique [1] predicts the occluded ob-
jects. In case of removal, the features of the removed object
can change significantly and the tracking system may not be
able to track the removed objects. Conditions for removal
are checked and if they are met, removal is declared. The
object with the larger area is the remover, the other is the
removed object.

Depositor/deposited Let O, € I{n — 1) and 0.0, €
I{n) with M, : O, — O;. O, deposits O; if

e (0; has entered or appeared,

e O; ¢ I(n—1),ie., zero match My =4 Oy,
%'% < tq, £a < 1 being a threshold,
,4,'}-.4.}:141, I'\[(Hi-FHj :HP)V(W,*FI’V’Z
W,)], where A;, H;, and W, are area, height, and
width of an object O,
O; is close to a side, s, of the minimum bounding box
(MBB) of O; 5 € {Twun; s Tmuns : Caing : Crun | {in 0TdlET 10 bE
declared as deposited object). Let d;, be the distance
between the MBB-side s and O;. O; is close to the
MBB-side s if {.,, < dis < s, Withthresholds £,
and ¢, .. and
O, changes in height or width between I(n — 1} and
I(n) at the MBB-side s.

Cmin



If the distance between the MBB-side s and O; is less than
Lerin» the deposited object is assumed have split from O; and
is merged to O;. Only if this distance is large is deposit
considered. This is so because in the real world, a deposilor
moves away from the deposited object and the deposit de-
tection declares the event after the distance between the two
objects is large. To reduce false alarms, deposit is declared
if the deposited object remains in the scene for some time.
Note that the system is able to differentiate between deposit
events and segmentation error due to splitting of objects. It
can also differentiate between stopping objects (e.g., seated
person or stepped car) and deposited objects. Finally, il can
differentiate between split objects and deposit objects.
Abnormal movements
i) Stays long: an object, Oy, stays long in the scene if

® g > lg... i.e., O; does not leave the scene after a
giventime. ¢, is a function of the frame-rate and the
minimal allowable speed, and

e d; < tg..1e, the distance, d;, between the current
position of O, in I {7t} and its past position in 7{{), with
[ < n is less than a threshold {4, which is a function
of the frame-rate, the motion, and the image size.

i) Moves fast/slow: an object, Oy, moves (too) fast (or
moves (too} slow) if the object speed in the last k (for ex-
ample, five) images is larger (smaller) than a threshold.

Dominant object A dominant object 1) is related to a
significant event, 2} has the largest size, 3} has the largest
speed, or 4) has the largest age.

Other events and composite events can be easily ex-
tracted based on our detection strategy. For example, ap-
proach a restricted site can be easily extracted when the
location of the restricted site is known. Other possible
events include: stand, sit, walk, object lost, and found.
Application-specific conditions can be easily integrated.

The thresholds used in the rules proposed, e.g., ., in
stops, were computed experimentally. The same values
wered taken for all shot simulations.

4. An application: key-image extraction

The effectiveness of the proposed technique has been
shown by tests conducted on more than 10 indoor and out-
door video shots containing a total of 6371 images with
noise and coding artifacts. This effectiveness is demon-
strated here on the problem of key-image extraction. Key-
images, which are images of important events, are crucial to
applications such as vidco surveillance or retrieval. Figs. 3,
I and, 4 show samples of our results. They are key-images
extracted automatically from shots. Each image is anno-
tated {upper left corner) with its number, object ID, mini-
mum bounding box, age, and related events. Only objects
performing events are annotated in these figures. The good

947

performance of the system is a result of special consider-
ations to process inaccuracies and errors of the multi-level
approach and to handle false alarms. For example, the sys-
tem is able to differentiate between deposited objects, split
objects, and objects at obstacle. It also rejects false alarms
of entering or disappearing due to segmentation error.

5. Conclusion

This paper builds on the computational framework de-
veloped in [1]. Its purpose is to develop a system to ex-
tract useful events from video shots. Several context inde-
pendent events have been rigorously defined and automat-
ically detected using features extracted following segmen-
tation, motion estimation and object tracking, as developed
in [1]. The proposed events are sufficiently broad to assist
video surveillance (e.g., send information to operator) and
retrieval (e.g., event-based search). Applications include
monitoring 1) of removal/deposit of objects, €.g., compul-
ing devices, 2) of traffic objects, and 3) behaviors of cus-
tomers, e.g., in stores. The reliability of the proposed sys-
temn has been demonstrated by extensive experimentations
on more than 10 indoor and outdoor video shots containing
a total of 6371 images including sequences with noise and
coding artifacts. The proposed system provides a response
in real-time for surveillance applications with a rate of up to
10 frames per second on a shared computing machine. Fur-
ther research is planed in classification of motion as with
purpose (vehicle or people} and without purpose (irees).
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Figure 1. Key-images of the ‘Hall’ sequence
{300 images). Image are annotated with
events (upper left corner) and objects per-
forming events with their MBB and ID. E.g.,
(), appears in the 17 and (s is deposited by O,
in last key image.

Figure 2. Key-event-images of the ‘FloorT’ se-
quence (636 images), e.g., 01 removes O, inthe
3¢ key image.
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Figure 3. Key-images of the ‘Highway’ se-
quence (300 images), e.g., Os moves fast in 6!"
and O, stops for long in the last key image.

Figure 4. Key-event-images of the ‘Fioor’ se-
quence (826 images), e.g., O, appears and de-
posits O3.
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