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VIDEO MONITORING SYSTEM
EMPLOYING HIERARCHICAL HIDDEN

MARKOV MODEL (HMM) EVENT

While such event classi?cation techniques perform effec
tively for some complex events, it has been observed that
conventional event classi?cation techniques do not perform

LEARNING AND CLASSIFICATION

Well When the same event may be exhibited in various Ways,

CROSS REFERENCE TO RELATED
APPLICATIONS

ranges of possible motion, such as When a person is falling.
In addition, conventional event classi?cation techniques do
not consider the context of an event, to distinguish, for
example, a person falling doWn to the ?oor as opposed to a
person lying doWn into bed. A need therefore exists for an

especially in the presence of vieWpoint changes or broad

This application claims the bene?t of US. Provisional

Application No. 60/325,399, ?led Sep. 27, 2001.

improved computer based method and apparatus for auto
matically identifying complex events in an image sequence.

FIELD OF THE INVENTION

SUMMARY OF THE INVENTION

The present invention relates to video surveillance sys
tems, and more particularly, to video monitoring and sur

Generally, a method and apparatus are disclosed for

veillance systems With improved event modeling and detec
tion using hierarchical Hidden Markov Models (HMMs).

automatically learning and identifying events in image data.
According to one aspect of the invention, hierarchical
HMMs are employed to de?ne one or more events. The

BACKGROUND OF THE INVENTION
20

variations of the same event. Generally, events have a

Due to increasing labor costs, as Well as an inadequate

complex time-varying behavior. Hierarchical HMMs pro

number of quali?ed employee candidates, many retail busi
nesses and other establishments must often operate With an

insufficient number of employees. Thus, When there are not

enough employees to perform every desired function, the

25

management must prioritize responsibilities to ensure that

Each event is modeled in the hierarchical HMM With a set

of sequential states that describe the paths in a high-dimen
30

In addition, many businesses do not have enough employ

generated during a training phase, by processing a number

for example, for security purposes or to determine When a
other establishments position cameras at various locations to

of images of the event of interest in various Ways, typically
35

in the feature space to determine When to split or merge

locations to be monitored by one person positioned at a
40

automatically identify one or more prede?ned events in a
45

unauthoriZed personnel in an area, a queue that is too long,
a door that is left open, or a patron requiring assistance.

Typically, computer vision systems accept an input image
and compare the input image With a number of states. The

image is assigned to a state When the input image suf?ciently
matches the state. Generally, matching is performed by
comparing input image information With state image infor

50

mation from each of the states. The states are typically
modeled using a number of knoWn techniques, such as

Hidden Markov Models, histograms, or clustering.

hidden states in the HMM graph. The exemplary training
algorithm starts With tWo hidden states (start and end) and
iteratively trains the HMM parameters to add additional
hidden states, until an overall likelihood criterion is satis?ed.
In addition, a number of techniques can optionally be

veillance techniques have been proposed or suggested to

sequence of images. Such events could include, for example,

observed from multiple vieWpoints. The representative paths
in the hierarchical HMM and their corresponding interme
diate states are identi?ed. Clustering techniques are applied

monitor the activities of patrons and employees. While the
images generated by the cameras typically alloW the various
central location, such a system nonetheless requires human
monitoring to detect events of interest.
Thus, a number of computer vision monitoring and sur

sional feature space. These models can then be used to

analyZe video sequences to segment and recogniZe each
individual event to be recognized. The hierarchical HMM is

ees to adequately monitor an entire store or other location,

patron may require assistance. Thus, many businesses and

vide a frameWork for de?ning events that may be exhibited
in various Ways. For example, the manner in Which a person
falls doWn to the ?oor can vary in terms of speed, direction,
or the intermediate states of the body posture (or a combi

nation of the foregoing).

the most important functions are satis?ed, or ?nd an alter

nate Way to perform the function. For example, many retail
establishments utiliZe automated theft detection systems to
replace or supplement a security staff.

hierarchical HMMs include multiple paths that encompass

employed to prevent the HMM model from having too many
overlapping states.
Additional recognition accuracy can be obtained by
exploiting information that may be knoWn about the context
of an event. In certain applications, such as elderly moni
toring, a subtle distinction betWeen similar events can be
important (e.g., a person falling doWn to the ?oor versus
lying doWn on a bed) and context information, such as time
or location information, can be used to improve event

recognition accuracy.
A more complete understanding of the present invention,
55

as Well as further features and advantages of the present

invention, Will be obtained by reference to the folloWing

Complex events are de?ned recursively in terms of sim

detailed description and draWings.

pler events, using an event description language. A parsing
module processes the stream of detected simpler events and

BRIEF DESCRIPTION OF THE DRAWINGS

recogniZes complex events. Object trajectories have been
analyZed to identify various dynamic events, such as a

60

FIG. 1 illustrates an exemplary video monitoring system
in accordance With a preferred embodiment of the invention;
FIG. 2 is a How chart describing an exemplary imple
mentation of the hierarchical HMM training process of FIG.

person entering or exiting a room or a person depositing an

object. Simple motions, such as a person Walking or running,
can be learned and recogniZed from spatio-temporal motion

templates. For example, probabilistic techniques, such as
Hidden Markov models (HMMs) and Bayesian netWorks,
have been used extensively to recogniZe complex motion
patterns and to learn and recogniZe human activities.

65

1 incorporating features of the present invention;
FIG. 3 is a How chart describing an exemplary imple
mentation of the state determination subroutine of FIG. 2;
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FIG. 4 is a How chart describing an exemplary imple
mentation of the branching subroutine 400 of FIG. 2;
FIG. 5 is a How chart describing an exemplary imple
mentation of the hierarchical HMM classi?cation process
500 of FIG. 1 incorporating features of the present inven

more hidden states can be automatically added one by one,
until an overall likelihood criterion is met.

According to another aspect of the invention, a number of
techniques can be employed to prevent the model from

having too many overlapping states. For example, Jelfrey’s
divergence is optionally used to measure the separation

tion; and
FIG. 6 illustrates the identi?cation of a path in a hierar
chical HMM having the best match With a video sequence.

betWeen tWo consecutive states. In addition, the present
invention selects features that can capture the spatio-tem
poral characteristics of an event in any time instant. Features
(or observation vectors) associated With each state can take
any of (or a combination of) the folloWing forms: visual

DETAILED DESCRIPTION

The present invention provides a video processing system
120 for automatically learning and identifying events from

appearance (e.g., image data, silhouette), motion description
(e.g., the level of motion in different parts of the human

a suf?cient amount of image data. The image data from

body), body posture (e.g., standing, sitting, or lying), and

training sequences Will be segmented to include only the
person (or object) engaging in the event of interest. Since the

vieW-invariant features.
Referring noW to FIG. 1, a video processing system 120
is shoWn that generates and maintains a background model

same type of event may be exhibited in various Ways, either
by different people or by the same person at different times

in accordance With preferred embodiments of the present

or in different contexts, an event mode according to the

present invention includes multiple paths that encompass

20

variations of the same event. For example, the manner in
Which a person falls doWn to the ?oor can vary in terms of

more cameras, such as camera 105, through video feed 107,
a Digital Versatile Disk (DVD) 110 and a netWork 115.

speed, direction, or the intermediate states of the body
posture (or a combination of the foregoing). The present
invention selects the most appropriate camera vieW in a
multi-camera setup, and also uses vieWpoint invariant or
three-dimensional information as features associated With

Video processing system 120 comprises a processor 130, a
25

each state for event representation and recognition.
For certain applications, such as elderly monitoring,
Where a subtle distinction betWeen similar events is impor
tant (e.g., a person falling doWn to the ?oor versus lying

invention for background-foreground segmentation. Video
processing system 120 is shoWn interoperating With one or

30

medium interface 135, a netWork interface 140, and a

memory 145. Memory 145 comprises image grabber 150, an
input image 155, a hierarchical HMM model 165, a hierar
chical HMM training process 200, discussed beloW in con
junction With FIG. 2, and a hierarchical HMM classi?cation
process 500, discussed beloW in conjunction With FIG. 5.
As is knoWn in the art, the methods and apparatus

doWn on a bed), context information or higher-level reason

discussed herein may be distributed as an article of manu

ing (e.g., the location of the bed) Will be used. Generally,

facture that itself comprises a computer-readable medium
having computer-readable code means embodied thereon.
The computer-readable program code means is operable, in

events have a complex time-varying behavior. In order to
model all of these variations, the present invention proposes

35

conjunction With a computer system such as video process
ing system 120, to carry out all or some of the steps to
perform the methods or create the apparatuses discussed
herein. The computer-readable medium may be a recordable

a framework that is based on the Hidden Markov Model

(HMM), Which provides a poWerful probabilistic framework
for learning and recognizing signals that exhibit complex
time-varying behavior. Each event is modeled With a set of

sequential states that describe the paths in a high-dimen

40

analyze video sequences to segment and recognize each
individual event to be recognized.
According to one aspect of the present invention, a
hierarchical HMM is proposed, Which encompasses all

medium (e.g., ?oppy disks, hard drives, compact disks such
as DVD 110 accessed through medium interface 135, or
memory cards) or may be a transmission medium (e.g., a

sional feature space. These models can then be used to

netWork 115 comprising ?ber-optics, the World-Wide Web,
cables, or a Wireless channel using time-division multiple
45

access, code-division multiple access, or other radio-fre

possible paths With their corresponding intermediate states

quency channel). Any medium knoWn or developed that can

that constitute an event of interest. In the example of a
person falling doWn, all fall-doWn events share tWo common
states: a starting state When a person is in a normal standing
posture, and an ending state When the person has fallen

doWn. Fall-down events take multiple paths, hoWever,
betWeen the starting and ending states.

store information suitable for use With a computer system
may be used. The computer-readable code means is any
mechanism for alloWing a computer to read instructions and
data, such as magnetic variations on a magnetic medium or
height variations on the surface of a compact disk, such as
DVD 110.

The video processing system 120 is presented With a
number of example sequences during a training phase, for

Memory 145 Will con?gure the processor 130 to imple
ment the methods, steps, and functions disclosed herein. The

example, from a segmented video of a person falling doWn
in various Ways observed from multiple vieWpoints, such as

50

55

memory 145 could be distributed or local and the processor
130 could be distributed or singular. The memory 145 could

from different cameras. Thereafter, as discussed further

be implemented as an electrical, magnetic or optical

beloW in conjunction With FIG. 2, the video processing
system 120 identi?es the representative paths and their
corresponding intermediate states. Clustering techniques are
applied in the feature space to determine splitting and
merging of hidden states in the Markov graph.

memory, or any combination of these or other types of
60

read from or Written to an address in the addressable space

accessed by processor 130. With this de?nition, information

In event learning, it is important to have an appropriate

on a netWork, such as netWork 115 accessed through net

number of hidden states in order to characterize each par

ticular event. The proposed algorithm starts With tWo hidden

states (start and end). It then iteratively trains the HMM

parameters using, for example, Baum-Welch cycles, and

storage devices. The term “memory” should be construed
broadly enough to encompass any information able to be

65

Work interface 140, is still Within memory 145 of the video
processing system 120 because the processor 130 can
retrieve the information from the netWork. It should also be
noted that all or portions of video processing system 120

US 7,076,102 B2
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may be made into an integrated circuit or other similar

process have been optimized during step 270, the hierarchi

device, such as a programmable logic circuit.
NoW that a system has been discussed, probability models
Will be discussed that can provide global and local pixel

cal HMM model is complete and the execution of the
hierarchical HMM training process 200 terminates.
FIG. 3 is a How chart describing an exemplary imple

dependencies and incremental training.
Training Phase:

mentation of the state determination subroutine 300 that is

initially performed during step 230 of the hierarchical HMM
training process 200 for the primary path, and is performed
again during step 270 for each of the additional paths created

During a training phase, a number of input image
sequences that correspond to the same type of events (e.g.,
falling) and capture as many variations as possible of such

by the branching subroutine 400. The state determination
subroutine 300 is initiated after normalization With time by
the hierarchical HMM training process 200. The goal of the

event (including images of the event from multiple vieW
points) are applied to the video processing system 120. The
video processing system 120 then extracts the folloWing

state determination subroutine 300 is to position state

boundaries Where the divergence betWeen adjacent states is

attributes from the spatial (image cues) and temporal (cor
responding frame) information:

a maximum. It is noted that While the hierarchical HMM

training process 200 adds states to the model horizontally,

I. the object (such as the person Who is falling) segmented
from the video frame, or object parts (such as the
person’s head, torso or legs); and
2. height, size and shape information characterizing the
segmented blob that corresponds to the segmented

object.

the state determination subroutine 300 serves to add states to

the model vertically.
The state determination subroutine 300 starts from a

default number of states in the HMM chain during step 310.
20

An objective cost function is computed during step 320 that
depends on (1) the overall likelihood measure of the entire

It is noted that each of the extracted attributes are a function

chain, (2) the divergence measure betWeen adjacent states,

of time, t. These attributes jointly de?ne the feature vector
associated With each state in the HMM.
FIG. 2 is a How chart describing an exemplary hierarchi

25

cal HMM training process 200. As shoWn in FIG. 2, the
hierarchical HMM training process 200 initially, normalizes

cost function, the ?rst one makes sure the modeling is
adequate and favors having more states. The ?rst term
models the variation of each state among all examples (the

the time and speed of the input images during step 210. In
this manner, the image sequences are aligned. More speci?
cally, in the exemplary embodiment, the start and end of
each event, such as a person falling, is manually marked.
Since each falling event from start to end may take a
different amount of time, the time or speed (or both) are
normalized during step 210. For instance, if the average time
duration for all falling events take X seconds, all falling
examples in the training set are “time-Warped” to be nor
malized to take X seconds. In the exemplary embodiment
time-Warping is not performed using a frame rate conversion

and (3) the penalty term for each state added to the chain.
The objective cost function Will be optimized by the state
determination subroutine 300 to determine the optimum
number of states. Among the three terms in the objective

30

likelihood Will be higher for similar examples). The second
and third terms keep the number of states tractable. If the
second term indicates similar states, then the tWo states are

merged. The objective cost function computed during step
320 may be expressed as folloWs:
35

or image interpolation, but rather, by simply remarking the
time index. In other Words, the time index of each image
sequence is adjusted, as opposed to adjusting the number of
frames.
Once the time or speed (or both) of the input images are
normalized during step 210, an appropriate number of states
in the primary chain of the HMM is determined during step

40

Where S1- is the i-th state in the chain, N is the total number
of states, v is the observation, P(v|Sl-) and D(Sl-, S) are
de?ned as in Colmenarez A. 1., Gutta S. and Huang T. S.
45

230. The determination of an appropriate number of states in

the primary chain of the HMM is performed by a state
determination subroutine 300, discussed further beloW in
conjunction With FIG. 3. Generally, the state determination
subroutine 300 minimizes an objective cost function to
determine an optimum number of states.

The ?nal number of states is determined in the optimiza
50

step 340 for the HMM model having a neW number of states.
55

A test is performed during step 350 to determine if the
objective cost function, f, for the neW number of states

exceeds the objective cost function computed during step
320. If it is determined during step 350 that the objective

The determination of Whether each state should be further

split is performed by a branching subroutine 400, discussed

cost function, f, for the neW number of states does not

further beloW in conjunction With FIG. 4.
Once the branching subroutine 400 has formed the

branching structure(s), Step 230 is repeated during step 270

tion process of the objective function during steps 330
through 350. One state is added to the model during step

330. The objective cost function, f, is again computed during

Once the primary chain is determined by the state deter
mination subroutine 300, the hierarchical HMM training
process 200 determines during step 250 if each state should

be further split, thereby resulting in branching of the HMM.

Modeling the Dynamics of Facial Expressions. Submitted to
Workshop in Cues and Communication, Computer Vision
and Pattern Recognition, HaWaii, USA (2001), incorporated
by reference herein, and 0t,[3 and y are pre-de?ned constants.

exceed the objective cost function computed during step 320
60

then program control returns to step 330 to add an additional

for each path that represents one possible manifestation of
the event, so that the number of nodes along that path can

state.

again be optimized according to the objective function. Step

objective cost function, f, for the neW number of states does

If, hoWever, it is determined during step 350 that the

exceed the objective cost function computed during step 320

270 serves to remove redundant representations in the

model, by comparing the objective cost function of each
path. In addition, the state parameters are again updated in
the process. Once all the paths created by the branching

65

then the ?nal number of states has been optimized and
program control proceeds to step 360. Where the objective
cost function is again computed for the ?nal number of

US 7,076,102 B2
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states, together With the state parameters (e.g., height, siZe
and shape of segmented blob, and raW image data). The

event during step 560 and the corresponding path can be

output of the state determination subroutine 300 is the
number of states and the allocation of frames to particular

de?ned threshold during step 550, then the hierarchical

extracted. If, hoWever, the score does not exceed a pre

states. Generally, consecutive frames are assigned to a state

HMM classi?cation process 500 returns to step 510 to
continue evaluating additional video sequences, in the man

until a state boundary occurs. There can be a variable

ner described above.

number of frames for each state.
FIG. 4 is a How chart describing an exemplary imple

FIG. 6 illustrates the identi?cation of a path in a hierar
chical HMM having the best match With a video sequence.
As shoWn in FIG. 6, an image sequence 610 having a

mentation of the branching subroutine 400 that is performed
during step 250 of the hierarchical HMM training process

plurality of frames is processed by the hierarchical HMM

200. For each state in the chain, if the state model is not

classi?cation process 500 (FIG. 5). The current frame in the
image sequence 610 is aligned With the starting node in the
hierarchical HMM, and is then compared With each path of
the hierarchical HMM model. The path having the best
match (indicated in FIG. 6 by the path comprised of nodes

representative enough (e.g., the determinant of the data
covariance matrix is larger than a threshold), the state Will be
split into tWo and a branch Will be created from this state

(preserving all links). The splitting process continues until
the data covariance matrix meets the prede?ned threshold

20

indicated With hashed lines) is then identi?ed. If the score of
the best path exceeds a prede?ned threshold, then the event
associated With the path is detected.
Additional recognition accuracy can be obtained by
exploiting information that may be knoWn about the context

25

of an event. In certain applications, such as elderly moni
toring, Where a subtle distinction betWeen similar events is
important (e.g., a person falling doWn to the ?oor versus
lying doWn on a bed), context information, such as time or
location information, can be used to improve event recog

criteria at all states.

As shoWn in FIG. 4, the branching subroutine 400 initially
computes the determinant of the covariance matrix of the
state parameters during step 410. A test is then performed
during step 420 to determine if the variance exceeds a

prede?ned threshold, T, for the particular state. If it is
determined during step 420 that the variance exceeds a

prede?ned threshold, T, for the particular state, then the state
is split into tWo states during step 430 (preserving the links
from the previous state and to the next state). Thereafter,

nition accuracy. For example, if the hierarchical classi?ca
tion process 500 determines that a person is lying doWn,
additional accuracy can be obtained by ensuring that the
person is not in a bed, or that it is not bed-time, before the

program control returns to step 410 to process the tWo neW

split states.
Once it is determined during step 420 that the variance
does not exceed a prede?ned threshold, T, for the particular
state, then program control terminates. It is again noted that
the branching subroutine 400 is performed for each state.
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event is classi?ed as a “falling doWn” event.
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It is to be understood that the embodiments and variations
shoWn and described herein are merely illustrative of the
principles of this invention and that various modi?cations
may be implemented by those skilled in the art Without
departing from the scope and spirit of the invention.

Retrieval Phase:

According to another aspect of the invention, the video
processing system 120 identi?es one or more events during

the retrieval phase that are de?ned by the hierarchical HMM

model. The video processing system 120 applies the video

What is claimed is:
1. A method for representing an event in a computer

sequence to the hierarchical HMM model and assumes that
every frame can potentially start an event.

During the retrieval phase, the video processing system
120 employs the hierarchical HMM classi?cation process
500 to match the segmented object in the video With the best
path in the event’s hierarchical HMM model built by the
hierarchical HMM training process 200. FIG. 5 is a How
chart describing an exemplary hierarchical HMM classi?
cation process 500. Generally, the hierarchical HMM clas

vision system, comprising:
40

initializing a hierarchical HMM With a start state and an

end state;
iteratively training said hierarchical HMM to add addi
tional states betWeen the start and end states until an
45

si?cation process 500 ?nds the best match of a video

segment With the hierarchical HMM built from training data.
The hierarchical HMM classi?cation process 500 marks the
start and the end of the event, and determines the likelihood
for a particular video segment to be classi?ed as the target

50

As shoWn in FIG. 5, the hierarchical HMM classi?cation

process 500 initially aligns the segmented object in the
step 530 as described above for Step 230 of the hierarchical
HMM training process 200 to determine the number of
states in the currently observed video clip and the state
boundaries.
Thereafter, the hierarchical HMM classi?cation process
500 ?nds the path in the HMM that provides the best match
With the current video sequence during step 540. A test is
performed during step 550 to determine if the path score
exceeds a prede?ned threshold. If it is determined during
step 550 that the path score does exceed a prede?ned
threshold, then the video sequence is classi?ed as a falling

overall likelihood criterion is satis?ed; and
generating said hierarchical HMM to represent said event,
said hierarchical HMM including a plurality of paths
each representing a variation of said event.

event, say falling.
current frame With the starting state in the HMM during step
510, and then applies the same unsupervised scheme during

processing a number of images of said event;
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2. The method of claim 1, Wherein said images include
images of said event manifested in various Ways.
3. The method of claim 1, Wherein said images include
images of said event observed from multiple vieWpoints.
4. The meted of claim 1, Wherein said generating further
comprises splitting a state in said hierarchical HMM into
tWo states if the state is not suf?ciently representative to
create a branch from the split state.

5. The method of claim 1, Wherein said generating further

comprises reducing overlapping states in said hierarchical
60

HMM model.
6. The method of claim 1, Wherein said variation of said
event is a variation in terms of a speed of said event.

7. The method of claim 1, Wherein said variation of said
event is a variation in terms of a direction of said event.
65

8. The method of claim 1, Wherein said variation of said
event is a variation in terms of intermediate states of a body

posture associated With said event.
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9. The method of claim 1, further comprising comparing

21. A system for representing an event in a computer

vision system, comprising:

an image sequence to said hierarchical HMM to recognize
said event.
10. A method for representing an event in a computer

a memory that stores computer-readable code; and
a processor operatively coupled to said memory, said

vision system, comprising:
comparing a sequence of input images to a hierarchical
HMM representing said event, said hierarchical HMM

processor con?gured to implement said computer-read
able code, said computer-readable code con?gured to:

initiliazed With a start state and an end state and

compare a sequence of input images to a hierarchical

iteratively trained to add additional states betWeen the

HMM representing said event, said hierarchical

start and end states until an overall likelihood criterion

HMM initialized With a start state and an end state

is satis?ed; and
detecting said event if said comparing step exceeds a

betWeen the start and end states until an overall

and iteratively trained to add additional states

prede?ned criteria.
11. The method of claim 10, Wherein said detecting
further comprises ?nding a path in said hierarchical HMM
that matches said sequence of input images.
12. The method of claim 10, Wherein said hierarchical
HMM includes a plurality of paths each representing a

likelihood criterion is satis?ed; and
15

detect said event if said comparing exceeds a pre
de?ned criteria.

22. The system of claim 21, Wherein said processor is
further con?gured to ?nd a path in said hierarchical HMM

that matches said sequence of input images.
23. The system of claim 21, Wherein said hierarchical

variation of said event.

13. The method of claim 12, Wherein said variation of said

HMM includes a plurality of paths each representing a

event is a variation in terms of a speed of said event.

variation of said event.
24. An article of manufacture for representing an event in

14. The method of claim 12, Wherein said variation of said
event is a variation in terms of a direction of said event.

15. The method of claim 12, Wherein said variation of said

a computer vision system, comprising:

event is a variation in terms of intermediate states of a body

a computer-readable medium having computer-readable

posture associated With said event.

code means embodied thereon, said computer-readable

16. The method of claim 10, further comprising evaluat
ing context information associated With said event.

program code means comprising:

processing a number of images of said event;

17. A system for representing an event in a computer

vision system, comprising:
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a memory that stores computer-readable code; and
a processor operatively coupled to said memory, said
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each representing a variation of said event.
25. An article of manufacture for representing an event in

end state;
iteratively train said hierarchical HMM to add addi
tional states betWeen the start and end states until an

a computer vision system, comprising:
40

code means embodied thereon, said computer-readable

45

HMM representing said event, said hierarchical
HMM initialized With a start state and an end state

into tWo states if the state model is not su?iciently repre
sentative to create a branch from the split state.

19. The system of claim 17, Wherein said processor is
further con?gured to reduce overlapping states in said
hierarchical HMM model.
20. The system of claim 17, Wherein said processor is
further con?gured to compare an image sequence to said
hierarchical HMM to recognize said event.

a computer-readable medium having computer-readable
program code means comprising:
comparing a sequence of input images to a hierarchical

each representing a variation of said event.

18. The system of claim 17, Wherein said processor is
further con?gured to split a state in said hierarchical HMM

overall likelihood criterion is satis?ed; and
generating a hierarhical HMM to represent said event,

said hierarchical HMM including a plurality of paths

initialize a hierarchical HMM With a start state and an

overall likelihood criterion is satis?ed; and
generate said hierarhical HMM to represent said event,
said hierarchical HMM including a plurality of paths

end state;
iteratively training said hierarchical HMM to add addi
tional states betWeen the start and end states until an

processor con?gured to implement said computer-read
able code, said computer-readable code con?gured to:
process a number of images of said event;

initializing a hierarchical HMM With a start state and an

and iteratively trained to add additional states
betWeen the start and end states until an overall
50

likelihood criterion is satis?ed; and
detecting said event if said comparing step exceeds a

prede?ned criteria.

