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Abstract

This paper presents a system that incorporates low-level
object tracking and high-level event inference to solve the
video event recognition problem. First, the tracking module
combines the results of block tracking and human tracking
to provide the trajectory as well as the basic type (human
or non-human) of each detected object. Thetrajectoriesare
then mapped to 3D world coordinates, given the camera
model. Useful features such as speed, direction and dis-
tance between objects are computed and used as evidence.
Events are represented as hypotheses and recognized in a
Bayesian inference framework. The proposed system has
been successfully applied to many event recognition tasks
in the real world environment. In particular, we show re-
sults of detecting the left-luggage event on the PETS 2006
dataset.

1. Introduction

Video event recognition has been an active topic in com-
puter vision and artificial intelligence community recently.
Itisadifficult task becauseit consists of not only low-level
vision processing tasks such as tracking and object detec-
tion, which by themselves are difficult problems, but also
high-level event inference, which has to handle the ambigu-
ity in event definition, the variations in execution style and
duration and the fusion of multiple source of information.

Another major difficulty is the lack of event data and
evaluation criteria. Thisis because the acquisition of event
datais hard either because events of interest (especially un-
usual events) rarely happeninreal life or because recording
of such eventsis prohibited in many situations. So many re-
searchershaveto rely on staged data, which requiresalot of
effort to make it look realistic. This difficulty impedes the
evaluation and comparison of different event recognition al-
gorithms.

The PETS 2006 workshop serves the need of event data
by providing apublicly available dataset that contains event
scenarios in a real-world environment. The workshop fo-

cuses on detecting the left-luggage event in a railway sta-
tion. The event has a clear definition consisting of the
following three rules: (1) Contextual rule: A luggage is
owned and attended by a person who enters the scene with
the luggage until such point that the luggageis not in phys-
ical contact with the person. (2) Spatial rule: A luggageis
unattended when the owner is further than 3 metersfromthe
luggage. (3) Temporal rule: If aluggage has been left unat-
tended by the owner for aperiod of 30 consecutive seconds
in which time the owner has not re-attended to the luggage,
nor has the luggage been attended to by a second party, the
alarm event is triggered.

Although detection of eft-luggageisthe only considered
task of PETS 2006, the event contains large variations in
terms of the types of luggage and the complexity of scenar-
ios. The dataset includes five types of luggage: {briefcase,
suitcase, 25 liter rucksack, 70 liter backpack, ski gear car-
rier}. The size and the shape of these different types are
different, which increases the difficulty in luggage detec-
tion and tracking. The dataset considersthe following seven
scenarios with increasing complexity. (1) Person 1 with
a rucksack loiters before leaving the rucksack unattended.
(2) Person 1 and 2 enter the scene from opposite directions.
Person 1 places a suitcase on the ground, before person 1
and 2 leave together without the suitcase. (3) Person 1 tem-
porarily places his briefcase on the ground before picking it
up again and leaving. (4) Person 1 places a suitcase on the
ground. Person 2 arrives and meets with person 1. Person
1 leaves the scene without his suitcase. (5) Person 1 with
a ski gear carrier loiters before leaving the luggage unat-
tended. (6) Person 1 and 2 enter the scene together. Person
1 places a rucksack on the ground, before person 1 and 2
leave together without the rucksack. (7) Person 1 with a
suitcase loiters before leaving the suitcase unattended. Dur-
ing this event five other persons move in close proximity
to the suitcase. Accordingly, the event recognition system
should have the flexibility to accommodate these variations.

We present an event recognition system that tackles the
challengesin tracking and event recognition problems. For
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Figure 1: The overview diagram of our system

tracking, a combination of a blob tracker (see Section 2.1)
and a human tracker (see Section 2.2) is used to provide
the trgjectory of each human and carried object. For event
recognition, each event is represented and recognized in a
Bayesian inference framework (see Section 3.1). In partic-
ular, the algorithmis applied to detect the | eft-luggage event
on the PETS 2006 dataset (see Section 3.2). The overview
diagram of our system is shown in Figure 1.

Note that in PETS 2006, each scenario is filmed from
multiple cameras. We only use the third camera because it
provides the best view point and the results based on this
single view point is satisfactory.

Many efforts have been made to solve the human track-
ing problem. As it is hard to provide an adequate de-
scription of the whole literature, we only list some that are
closely related to this work. The observations of human
hypotheses may come from various cues. Some use the re-
sult of background subtraction as observations and try to fit
multiple human hypotheses to explain the foreground blobs
[12]. As the hypotheses space is usualy of high dimen-
sion, sampling algorithms such asMCMC [12], or dynamic
programming algorithms such as EM [7] are applied. Other
methods, e.g. [2], build deformable silhouette model s based
on edge features to detect pedestrians and associate the de-
tection responses to form tracks. These two types of ap-
proaches are complementary.

Proposed methods for video event recognition can be
divided into three sub-categories based on the underlying
features they use: (1) those based on 2-D image features
such as optical flow [3] , body shape/contour [11], space-
time interest point [4], (2) those based on 2-D trajectories
of tracked objects such as hands, legs or the whole body
[8] and (3) those based on 3-D body pose acquired from
motion capture or 3-D pose tracking system [5]. None of
above methods, however, involves the manipulation of ob-
jects such as luggage.

2. The Tracking Module

We use two components for the tracking task. A Kalman
filter based blob tracker, which provides tragjectories of al
foreground objectsincluding humansand carried objects, is
described in Section 2.1. A human body detection based
human tracker is described in Section 2.2. We describe the
combination of both trackersin Section 2.3.

2.1 Kalman Filter based Blob Tracking
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Figure 2: An overview of the blob tracker

Figure 2 shows an overview of our blob tracking algo-
rithm. We learn the background model from the first five
hundred frames and apply it to detect the foreground pix-
els at each frame. Connected foreground pixels form fore-
ground blobs. At each frame ¢, ablob B} contains the fol-
lowing information:

o Size and location: for simplicity, we use a rectangular
bounding box (z¢, yi, widtht, heightt)

o Appearance: we use the color histogram of the blob

Ideally, one blob correspondsto onereal object and vice

versa. But we haveto consider the situations such as one ob-
ject splits into several blobs or multiple objects merge into



Figure 3: Blob tracking results

one blob. For ablob B! and an object O, we assign an as-
sociation value based on the overlap between the bounding
box of B} and O:

f Area(BfﬂO;)
b min(Area(Bf)7Area(O;))
0, otherwise

1

>T
M(B,0}) = {

)
where O is the predicted bounding box of O’ fromthe pre-
vious frame using the Kalman filter and B! N O% isthein-
tersection of the two bounding boxes and 7 is a threshold
between 0 and 1. If M (B}, O) is one, we call B} and O
are matched.

At time ¢, assume we have m blobs and . predicted ob-
jects. For al pairsof blob and object, we construct anm x n
association matrix. The following are possible situations
that we need to consider: (1) If the blob-object match is
one-to-one, we simply update the object with the blob. (2)
If ablob has no matched object, anew object is created. (3)
If an object hasno match blobsfor several frames, the object
isremoved. (4) If an object has multiple matched blobs, the
blobs are merged into a bounding box of the object. (5) If
a blob has multiple matched objects, the blob is segmented
based on the appearance (color histogram) of each matched
object.

A luggage is detected based on its mobility: It seldom
moves after the start of its track. Some detected humans
and luggage are shown in Figure 3.

2.2 Detection based Human Tracking

For shape based human tracking, we take the single frame
human detection responses as the observations of human
hypotheses. Tracking is donein 2D with a data association
style method. The detector is a generalization of the body
part detector proposed by Wu et d. in [9]. We do not rely
on skin color, or face, hence our method can deal with rear
views. The agorithm of [9] has been extended in [10] to
track multiple humans based on the detectors. Our tracking
algorithmis asimplified version of [10].

Figure 4: Human tracking results

2.2.1 Multi-View Human Body Detection

In[9], four part detectors arelearned for detecting full-body,
head-shoulder, torso, and legs. We only use the full-body
detector here. Two detectors are learned: one for the left
profile view, and one for the frontal/rear view. The third
detector isfor right profile view, which is generated by flip-
ping the left profile view horizontally. Nested cascade de-
tectors are learned by boosting edgelet feature based weak
classifiers, asin[9]. Thetraining set contains 1,700 positive
samplesfor frontal/rear view, 1,120 for |eft profile view, and
7,000 negative images. The positive samples are collected
from the Internet and the MIT pedestrian set [6]. The neg-
ative images are all from the Internet. The training set is
fully independent of the test sequences, and the detectors
learned are for generic situations. For detection, the input
imageis scanned by all three detectorsand the union of their
responsesis taken as the multi-view detection result.

2.2.2 Multiple Human Tracking

Humans are tracked in 2D by associating the frame detec-
tion responses. This 2D tracking method isa simplified ver-
sion of [10]. In [10], the detection responses come from
four part detectors and a combined detector. To start atra-
jectory, an initialization confidence InitConf is calculated
fromT" consecutive responses, which correspond to one hu-
man hypothesis, based on the cues from color, shape, and
position. If InitConf islarger than athreshold 6;,,;;, atra
jectory is started. To track the human, first data association
with the combined detection responses is attempted; if this
fails, data association with the part detection responsesis at-
tempted; if this fails again, a color based meanshift tracker
[1] is used to follow the person. The strategy of tragjectory
termination is similar to that of initialization. A termina
tion confidence EndConf is calculated when an existing
trgjectory has been lost by the detector for T' time steps. If
EndConf is larger than a threshold 6.,,4, the trajectory is
terminated.

In this work, we do not use the combined detection
method described in [9]. Since the occlusions are not strong
inthisdataset, alocal feature based full-body detector gives
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Figure 5: Tracking results of individual trackers and com-
bined tracker. (a),(c),(€): The tracking results on the same
frame using the blob tracker alone, the human tracker alone
and the combined tracker. The combined tracker can sepa-
rate two persons from a merge blob and locate the luggage
aswell. (b),(d),(f): Another example. The combined tracker
confirms that the object in the middle is not human. It also
tracks the person that is missed by the human tracker due to
the largetilt angle.

satisfactory results. Fig.4 shows some sample frames of the
tracking results.

2.3 The Combination of the Blob Tracker
and the Human Tracker

In most cases, the blob tracker does a good job of tracking
objects and locating luggage. However, when multiple hu-
mans appear merged from the beginning, the tracker can not
separate them well and sometimesthe tracker mis-identifies
thetype of thetracked objects based only on the mobility of
the objects. See Figure 5(a) and (b) for examples of these
issues.

On the other hand, the human tracker does not track ob-
jects other than humans. Also, athough the learned de-
tectors work with a large range of tilt angles (within about

[0°,45°]), when the tile angle s too large, the detectors can
not find the human reliably. Theseissues can be clearly seen
in Figure 5(c) and (d).

We can overcome the above limitations of the blob
tracker and the human tracker by combining their results so
that if one tragjectory from the human tracker largely over-
laps one trajectory from the blob tracker, the first trajec-
tory supersedes the second one. This is because the human
tracker is based on human shape so it is morereliable. The
blob tracker, on the other hand, enhances the results by in-
cluding objects that are missed by the human tracker. The
combined results of the above examplesare shown in Figure
5(e) and (f).

3. The Event Recognition Module

We first describe our event recognition algorithm, followed
by the details of how this algorithm is applied to detect the
left-luggage event on the PETS 2006 dataset.

3.1 Event Recognition using Bayesian | nfer-
ence

Our event recognition algorithm takes object trajectory
(provided by the underlying detection/tracking modules) as
the only observation. The algorithm assumes that the type
of each object is known. The basic object types include
human, carried object, vehicle and scene object (e.g. door,
stairs). Thisinformationis either automatically provided by
the detection/tracking modul es or specified by system users.

Thetrajectory isfirst smoothed using median filter to re-
move abrupt changes. Useful physical properties such as
the position, speed and direction of amoving object and the
distance between two objects are inferred from object tra-
jectories. Since these physical properties are measured in
terms of world coordinates, 2D object trajectories need to
be mapped to 3D world coordinates first. For an object on
the ground plane, we assume that the vertical coordinate of
its lowest point is zero. Given the camera model, we use
the center of the bottom of the image bounding box as the
object’s lowest point and map this point to 3D position on
the ground plane.

System users have to provide an event model for each
event in advance. A successful event model has to handle
the ambiguity in the event definition (which implies that we
should define an event in a probabilistic domain instead of
alogical one) and incorporate multiple cues into a compu-
tational framework.

Due to these considerations, we use Bayesian inference
as the event modeling and recognition framework: events
and related cues are considered as hypothesesand evidence,
respectively; Competing events aretreated as competing hy-
potheses. For example, regarding the relationship between



a moving object A and a zone B in terms of position of A
and B, there arefour possibilities (hypotheses), correspond-
ing to four competing events: {H;:A isoutside of B, Hy:A
is entering B, Hs:A isinside B, H4:A is exiting B}. We
consider the following two pieces of evidence: { E;:the dis-
tance between A and B sometime (e.g. 0.5 second) ago,
E,:the distance between A and B now}. The complete
model also includesthe prior probabilities of each hypothe-
sis and the conditional probabilities of each evidence given
the hypotheses. In the above example, we can set the prior
probabilities of all hypothesesto be equal (P(H;) = 1/4,
i = 1,2,3,4) and use the following conditional probabili-
ties.

P(E, = 0[H,)-{0011]
P(E1 >0 Hi)Z{l,l,0,0}
P(E2 =0|H; :{0,1,1,0}
P(E> > 0|H,):{100,1}

The meaning of this table is clear. Take the hypothesis
H, “A is entering B” for example, E; > 0 and E; = 0
means A was outside of B sometime ago and A isinside B
now. Given the evidence, the probability of H - iscomputed
using the Bayesian rule:

P(H,|Ey, Ez) = —D\En EalH) D) @
> P(Ey, Ex|Hi)P(H,)

i=1

If we assume each evidenceis conditionally independent
given the hypothesis, Eq.2 can be rewritten as:

P(H,|Er, Bs) = f(E1|H2)P(E2|H2)P(H2)

Y. P(E1|H:)P(E2|H;)P(H;)

i=1

©)

Note that the above example has the simplest form of a
probability distribution function: a threshold function (i.e.
thedistanceis quantified to only two values“=0" and“ >0")
and the probability is either O or 1 (a deterministic case).
For more complex cases, the following distribution func-
tions are provided in our system: {Histogram, Threshold,
Uniform, Gaussian, Rayleigh, Maxwell}. The parameters
of the distribution functions are learned from training data.
If such data are not available, the parameters are specified
based on user’s knowledge of the event.

If a hypothesis H has no competing counterparts, we
consider —H, the opposite of the hypothesis, and use the
following equation to compute the posterior probability of
hypothesis given evidence.

[T Pz P
P(H‘Ely"'yEn) =

When P(E;|-H) is unknown or hard to estimate, we use a
default value 0.5.

3.2 Left-Luggage Detection

For the specific task of detecting left-luggage, as described
in the introduction, the following events are modeled.

o Drop off luggage (denoted as D): Three pieces of evi-
dence are used.

- Ey: The luggage did not appear —0.1 (or other small
negative value) second ago.

- E5: Theluggage shows up now.

- E3: The distance between the person and the luggage
now is less than some threshold dg,op of (€0. 1.5
meters).

E; and E, together impose a temporal constraint: the
luggage was carried by the human before the drop-off so
the separate track of the luggage has not started yet. Once
it appears, we know the drop-off has just happened.

E; isaspatia constraint: The owner has to be close to
the luggage when drop-off just happened. This constraint
eliminates irrelevant persons who are just passing by when
drop-off takes place. In case that multiple persons are close
to the luggage when drop-off takes place, the closest person
is considered as the owner.

The prior and the conditional probabilities are listed as
follows:

e P(D)=P(-D) =05
e P(E]|D)=099,i=1,2,3
e P(Ej|-D)=05,i=1,2,3

< Abandon luggage (denoted as A): Two pieces of evidence
are used.

- E;: The distance between H and L —0.1 (or other
small negative value) second ago isless than the alarm
distance d;qsmm (=3 Meters).

- E5: Thedistance now is larger than d ;i1 -

E; and E, together incorporatethe spatial rule of PETS
2006 that is described in the introduction.

The prior and the conditional probabilities are listed as
follows:

e P(A)=P(~4) =05
o P(E;|A)=0.99,i=1,2
o P(Ej|~A)=05,i=1,2



Sequence 1 2 3 4 5 6 7
# of persons 1 2 1 2 1 2 6
# of persons 1 2 1 2 1 2 5
# of luggage items 1 1 1 1 1 1 1
# of luggage items 1 1 1 1 1 1 1
Luggage location (0.22,-0.44) |(0.34,-0.52) |(0.86,-0.54) | (0.24,-0.27) | (0.34,-0.56) |(0.80,-0.78)| (0.35,-0.58)
Luggage location (0.11,-0.22) |(0.02,-0.44)|(1.10,-0.31) | (0.40,-0.10) | (0.27,-0.30) |(0.45,-0.53)| (0.2,-0.3)
Warning triggered time| 2825 (113.0)| 2280 (91.2) none 2585 (103.4) 2749 (110.0)|2403 (96.1)|2317 (92.7)
Warning triggered time| 2834 (113.4)| 2278 (91.1) none 2577 (103.1) 2743 (109.7)|2407 (96.3)| 2310 (92.4)
Alarm triggered time 2843 (113.7)|2296 (91.8) none 2602 (104.1) 2764 (110.6) |2422 (96.9)| 2349 (94.0)
Alarm triggered time 2848 (113.9)|2298 (92.0) none (2599 (104.0)2757 (110.3) |2423 (96.9)| 2350 (94.0)

Table 1: The ground-truth (with dark background) and our result (with white background). L ocations are measured in meter.

Thelast four rows show the frame number and time (in second) when an even is triggered.

We first detect the drop-off event on al combination of
the human-luggagepair and only those pairswith high prob-
ability are considered further by the abandon event. Thisis
how the contextual ruleis applied.

For thetemporal rule, we requirethat if current frame
gets a high probability of the abandon event and if any pre-
viousframei —t (¢ within therange of 30 seconds) also gets
high probability, the high probability at frame i — ¢ will be
discarded. Finally, alarm events are triggered at the frames
with high probability. PETS 2006 also defines a warning
event, which is treated exactly the same here except for a
smaller distance threshold (=2 meters).

4. Resultsand Evaluation

The following information is provided in the ground-truth
data of PETS 2006 dataset.

o The number of persons and luggage involved in the
alarm event

o Thelocation of the involved luggage
o Theframe (time) when the warning event is triggered
o Theframe (time) when the alarm event is triggered

We compare our results with the ground-truthin Table 1.
The rows with dark background are the ground-truth data.

Figure 6 shows the key frames (with tracking results) in
which the drop off luggage and the abandon luggage event
aredetected. The 3D mapping on the ground planeis shown
at the right side of each frame. The floor pattern is also
provided as reference. Note that the frame number shown
in the abandon luggage event is the frame number of the
alarmevent minus 750 (equivalent to 30 secondsin avideo
with 25 fps frame rate).

We can seein Figure 6, some errors on the ground plane
are visible because the size and position of bounding boxes

are not perfect and asmall offset of apoint in 2D can result
inasignificant error in 3D when the object is far away from
the camera. But nonetheless, our tracking algorithms work
very well. Note that in Figure 6(e), two persons on the left
are not separated because they are merged in a single mov-
ing blob and the human detector fails to respond due to a
largetilt angle.

The event recognition algorithm detects all (warning and
alarm) eventswithin an error of 9 frames (0.36 second). The
involved personsinclude anyone who is close enough to the
involved luggage when and after the abandon luggage event
takes place. The correct number of involved personsin al
seguences are detected, except for the last sequence. In
that sequence, three persons are walking closely as a group.
One of them is severely occluded by the other two and thus
missed by the tracker.

The clear definition of the alarm event helps contribute
to the good performance of our event recognition system.
The contextual ruleis crucia because detecting the drop-off
event provides a filtering mechanism to disregard the irrel-
evant persons and luggage before being considered for the
abandon event. Furthermore, sometimes our tracker mis-
identifies the type of an object based only on the mobility
of the object, which can result in many false alarms. Due
to the contextual rule, the possibility of such false alarms
is significantly reduced. To illustrate the importance of the
contextual rule, we list in Table 2 the number of triggered
events without applying the contextual rule. This demon-
strates that the high-level reasoning can eliminates the er-
rors of low-level processing.

5. Conclusions and Future Work

We have presented an object tracking and event recognition
system that has successfully tackled the challenge proposed
by the PETS 2006 workshop. For tracking, we combine
the results of a blob tracker and a human tracker, which
provides not only the trajectory but also the type of each
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Total tracked persons
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Total drop off events
Total warning events
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Table 2: Without the contextual rule, the results contain
many false alarms.

tracked object. For event inference, events are modeled and
recognized in a Bayesian inference framework, which gives
perfect event recognition result even though the tracking is
not perfect.

Note that our system is designed as a framework for
general event recognition task and is capable (and has al-
ready been applied) of recognizing amuch broader range of
events. For this specific (left-luggage) task, wejust used our
existing system and did not make any additional effort ex-
cept that we specified the event model s (as described in Sec-
tion 3.2). This was done immediately. In conclusion, our
system provides quick solutions to event recognition tasks
such as the left-luggage detection.

Real-world scenarios usually are more complicated than
the one presented here, in terms of the number of involved
persons and objects and the variation in execution style and
duration. For future work, we need to consider more so-
phisticated algorithms to handle such complexities.
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