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An ICA Mixture Hidden Markov Model
for Video Content Analysis

Jian Zhou, Member, IEEE, and Xiao-Ping Zhang, Senior Member, IEEE

Abstract—In this paper, a new theoretical framework based
on hidden Markov model (HMM) and independent component
analysis (ICA) mixture model is presented for content analysis of
video, namely ICAMHMM. Unlike the Gaussian mixture obser-
vation model commonly used in conventional HMM applications,
the observations in the new ICAMHMM are modeled as a mixture
of non-Gaussian components. Each non-Gaussian component is
formulated by an ICA mixture, reflecting the independence of
different components across video frames. In addition, to con-
struct a compact feature space to represent a video frame, ICA
is applied on video frames and the ICA coefficients are used to
form a compact 2-D feature subspace that makes the subsequent
modeling computationally efficient. The model parameters can
be identified using supervised learning by the training sequences.
The new re-estimation learning formulae of iterative ICAMHMM
parameter estimation are derived based on a maximum likelihood
function. Employing the identified model, maximum likelihood
algorithms are developed to detect and recognize video events. As
a case study, golf video sequences are used to test the effectiveness
of the proposed algorithm. Experimental results show that the
presented method can effectively detect and recognize the recur-
rent event patterns in video data. The presented new ICAMHMM
is generic and can be applied to sequential data analysis in other
applications.

Index Terms—Hidden Markov model, independent component
analysis (ICA) mixture model, sequential data analysis, video con-
tent analysis.

I. INTRODUCTION

C ONTENT analysis of video is to find meaningful struc-
tures and patterns from visual data and represent them in

a compact form such that efficient indexing, classification, and
retrieval of video content are possible. Various techniques have
been developed to analyze the content of video data. Early works
mainly focus on video shot boundary detections [1]. After video
shots are identified, one or several video frames are selected
as key-frames to represent the video shots for indexing and re-
trieval. Besides video temporal segmentation, localized features
such as object-based representation of video have also been in-
vestigated by researchers. In [2], the trajectories of objects based
on object segmentation and tracking are used for video indexing.
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However, the intra-shot analysis only provides a very small time
scale access for video, and these approaches that use localized
features are still low level analysis.

In the past few years there has been increasing interest in se-
mantic event detection for video data. To bridge the semantic
gap, several directions have been studied recently. One direc-
tion is to represent the high-dimensional video data in a com-
pact representation, and thus make it possible to index, analyze
and retrieve the elements efficiently. In [3], principal compo-
nent analysis (PCA) is used to reduce the dimension of features
of video frames, and two applications were demonstrated. One
is high-level scene analysis, and the other is sports video classi-
fication. On the other hand, other researchers are utilizing new
models to analyze the semantics from video. In [4], HMM and
audio features are used to classify TV programs into commer-
cial, basketball, football, news and weather video. Most existing
HMM-based video analysis systems mainly focus on video clas-
sification tasks. In [5], semantic events are identified by using
dominant color ration and motion intensity based on HMM in
soccer domain. In [5] and [6], hierarchical HMM structures are
used to model the events. However, the tree-like hierarchical
HMM is very complex by nature, and such structures may not be
practical due to the computation burden. Also, the feature space
and pre-defined events are domain dependent and may not be
generalized to other domains.

In this paper, we explore a general framework to detect and
recognize semantic events. The task is to recognize and identify
the known semantic events from video data. Note that finding
a good feature space and representing the video data in an effi-
cient way is crucial for recognition systems. We present a com-
pact feature space to represent video data based on indepen-
dent component analysis (ICA). The new representation makes
it easier to analyze the dynamics and characteristics contained
in video data. In the feature space, we develop a new statistical
model by combining ICA mixture model [7] and HMM mod-
eling, namely ICA mixture HMM or ICAMHMM. Note that
ICA techniques are used twice in our model. At the feature ex-
traction step, ICA is used as a preprocessing filter to decom-
pose the video signals. During the modeling step, ICA mixture
model are integrated into HMM framework to capture the spatial
and temporal characteristics. We use HMM framework to grasp
the temporal structures of video data since HMM is well-known
for its capability to capture the temporal statistics of stochastic
process and it is widely used in pattern recognition field. Since
the features are already represented in an efficient way, we only
consider simple HMM models with ergodic and left-right struc-
tures. Simulations show that these structures are good enough to
model the semantic events. In the ICAMHMM modeling, each
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semantic event is described by one HMM model, and its param-
eters are learnt through training sequences. The maximum like-
lihood criteria is used to evaluate how well an unknown video
segment matches the model. Sequences with larger likelihood
are considered to be more likely to contain the pre-defined se-
mantic events. As a case study, golf video sequences are used to
test the effectiveness of the proposed algorithm. Different from
football, soccer, and tennis video, golf video has not been well
analyzed in the literature. The content analysis and event de-
tection in golf domain could provide potential applications for
home video and entertainment.

The paper is organized as follows. Section II presents the
framework of ICAMHMM for content analysis of video. The
detailed algorithm is presented in Section III. Simulations are
performed to demonstrate and analyze the effectiveness of the
new algorithms in Section IV. In Section V, golf video is an-
alyzed as a case study and experimental results are presented.
Section VI concludes the paper.

II. A NOVEL FRAMEWORK OF ICA MIXTURE

HIDDEN MARKOV MODEL

A. Problem Formulation

For a video sequence with video frames, let
be the feature vector for the -th video frame. Each fea-

ture vector can be considered as one observation of a frame
in the -dimensional feature space. An event is defined as a
video segment which has certain semantic meanings. Here we
are only interested in supervised learning techniques and the
training sequences defining the events are known in advance.
Let denote a possible event where is the
total number of all possible events for a given video set. As-
sume a semantic event can be described by an observation
sequence, i.e., where

is the first frame for the event , and is the number of
frames of the observation sequence. For a given video sequence,
the objective of event detection and recognition is to first iden-
tify the event boundaries and then classify each video segments
into one of the possible known events. In the following sec-
tions, mathematical models are developed to represent the ob-
servation sequence. Note that semantic events are defined on
frame-level. To simplify the detection for event boundaries, we
assume that the beginning and ending frames of an event are
located at shot boundaries. The event detection and recognition
consists of three major parts. The first part is to identify the event
boundaries by using shot-level information for the given video
sequence. The second part is model identification, i.e., semantic
events are represented as model parameters using the training
sequences. The third part is to compute the likelihood given each
model, and the sequence is classified to the event whose model
parameters produce the largest likelihood.

B. The ICA Mixture Hidden Markov Model (ICAMHMM)

For classical applications such as speech recognition [8],
HMMs have been successfully applied. For video content anal-
ysis, a similar concept can be adopted since the video sequence
can be treated as sequential data. Many videos such as news
videos and sports videos often contain recurrent patterns and

temporal structures. In the context of content analysis or event
detection, these temporal structures can be learnt by the HMM
and the event detection becomes a classification problem when
each event is described by one set of HMM parameters.

1) Modeling the Event Using HMM: We denote a given
observation sequence as , where
is the length of the sequence and , is
the -dimensional feature vector for the -th video frame.
Let be the hidden state sequence. An
HMM model with states is determined by the parameters

, where is the state
transition probability matrix, is the
probability of state at time given the state is at time
. , is the density parameter, where

is the probability density function of the observation at
state . And is the initial state distribu-
tion where .

The HMM is suitable for modeling temporal structures of se-
quential data. The unsupervised learning methods generally re-
quire complex graphic models and are computationally expen-
sive and the prior knowledge is not well utilized. Therefore, we
choose to use one HMM model to describe one event, and dif-
ferent events are represented by different model parameters. The
advantages of this method are that it is relatively robust to the
small variations in training data, and generally not computation-
ally demanding. We model the video signal using continuous
observation models because we believe video signals in feature
space are continuous in nature. Thus, the whole parameter set
for continuous HMM modeling to describe a set of semantic
events can be written as

(1)

where is the number of events, are
the HMM model parameters for the event . is the transi-
tion matrix for the -th event. is the initial state distributions
for the -th event. is the probability density function, and

is the parameters set which uniquely determines con-
tinuous observation densities in all states.

The identification of the model is to find the model parameters
that gives the maximum likelihood

(2)

(3)

To apply HMM modeling techniques for video event de-
tection, our interests include: 1) identification of model given
known observations, and 2) detection of an event given the
model. The former is to adjust the model parameters to maxi-
mize the likelihood of the observations. The latter is to evaluate
how likely the sequence is produced by the model.

Given the observation sequence , the description of the se-
mantic event is essentially to build the model, and thus to es-
timate the model parameters. The Baum-Welch method can be
used to estimate the model parameters such that the joint prob-
ability is maximized. After convergence, an event de-
scribed by is represented by HMM model parameters. For
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the second problem, given the unknown observation sequence
, and a model , the likelihood deter-

mines how well the unknown observation sequence matches the
given model. A larger likelihood implies the sequence is more
likely to have the event described by the model parameters. The
likelihood can be computed using the Forward-Backward Pro-
cedure [8]. For supervised learning, besides the HMM model
parameters , the number of classes (i.e., the number of events)
and the training sequences for each class still need to be deter-
mined.

2) Continuous Observation Densities Using Gaussian Mix-
ture Model: Continuous observation densities can be used in
HMM to avoid the quantization errors introduced by vector
quantization in discrete HMM [8]. The continuous observation
model has been formulated in [9], and the continuous densities
based on Gaussian mixture model have been formulated in [10].
Thus, for Gaussian mixture model, the observation densities
are of the form

(4)

where

(5)

The multivariate variable can be considered as the observation
vector being modeled, is the number of mixtures, is the

-th mixture component in state , is the probability of
choosing the -th mixture component in state , is a
Gaussian density with mean vector and covariance matrix

for the -th mixture component in state .
3) Continuous Observation Densities Using Non-Gaussian

Mixture Model: Even though the Gaussian mixture model can
approximate arbitrarily closely any continuous density function
for a sufficient number of mixtures, the results may highly de-
pend on how the number of mixtures is chosen and the how
the parameters are estimated. In this paper, we introduce a new
HMM observation model using non-Gaussian mixtures. Each
non-Gaussian mixture is associated with a standard ICA. Thus
we call this new continuous observation model as non-Gaussian
mixture observation model or ICA mixture observation model
for HMM. The observations are modeled as a mixture of non-
Gaussians since the distribution of video frames in the feature
space generally shows non-Gaussian characteristics, and such
higher- order statistics can be captured by ICA blindly. The
reason of using ICA mixture model instead of ICA is that the
observed video data can be categorized into mutually exclusive
classes. Such characteristics are often true in video data since the
separate stories are often interlaced in video sequences. The ICA
mixture model first divides observed data into mutually exclu-
sive classes, and then models each class as a linear combination
of independent, non-Gaussian sources. This allows modeling
classes with non-Gaussian structures. The observation densities
described by ICA mixture can model a broader range of prob-
ability density functions, and can be considered as a comple-
ment of Gaussian mixture modeling. When using ICA mixture

Fig. 1. Equivalent � state re-configuration for state � with � Gaussian or
non-Gaussian mixtures.

to capture non-Gaussian structures and classify the data, better
results were reported in [7], compared with Gaussian mixture.
As shown in Fig. 1, the structure of continuous HMM based on
non-Gaussian mixture model is similar as the configuration of
Gaussian mixture based HMM.

In the new ICA mixture observation model, we are not inter-
ested in the recovered sources or their physical meanings. Our
major concern is to estimate the observation densities based on
ICA mixture learning algorithms and the source models we se-
lected. The goal is to develop a parametric form of represen-
tation of observation densities and then derive HMM learning
algorithms for HMM models. Let be the hidden state at time
, the proposed non-Gaussian mixture observation model that

brings ICA mixture model into HMM framework to capture the
non-Gaussian structures can be represented as follows:

(6)

where is the vector being modeled. is the class proba-
bility to the -th class; is a non-Gaussian prob-
ability density function that describes the statistics of the ob-
servation for the -th class at time , given the state at time

is , where represents the parameters of the densities
in state . Note that (6) is similar to (4) since both are es-
sentially mixture models. The key difference between (6) and
(4) is that the mixture component in (6) is
a non-Gaussian density function. The challenges and difficul-
ties reside in the inferring the non-Gaussian density analyti-
cally. However, the non-Gaussianities can be captured by ICA
by seeking statistically independent sources. Thus, each non-
Gaussian mixture component density in (6) is further modeled
as a standard ICA. Therefore, the continuous observation den-
sities using non-Gaussian mixture model is essentially an ICA
mixture model. The non-Gaussian distributions can be further
decomposed into functions through standard ICA as follows. In
classical ICA without considering the mixture modeling, the ob-
servation sequence is modeled as an -dimen-
sional random variable which is further modeled as a linear
combination of statistically independent sources plus the
bias , i.e.,

(7)
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where ( ) is known as the mixing matrix. To avoid
the ambiguity of the terms, we refer to the mixing matrix

as the basis matrix to distinguish the word “mixture” in
the mixture model. The ICA task is to find the filter matrix

using only the observed signals . Since the
observed signals are a linear transformation of the sources,
their multivariate probability density functions satisfy the
following relationship: , where
denotes the absolute value and is the Jacobian of the trans-
formation. Therefore, the log likelihood can be written as

, where denotes the
model parameters . Equation (7) describes the case
when all the observations are assumed to be generated from one
class (i.e., ). The observation model introduced in (6)
requires a mixture modeling since the observations are assumed
to be generated from multiple classes. The standard ICA can be
generalized into ICA mixture model that allows modeling of
classes with non-Gaussian structures. The ICA mixture model,
originally proposed by Lee and Lewicki [7], assumes that the
observed data are drawn independently and
generated by a mixture density model. The likelihood of the
data is given by the joint density

(8)

and if a mixture density has the following form:

(9)

where is a multivariate variable and is the
unknown parameter set for each . denotes the
class and is the number of classes. Then the data in each
class can be described as

(10)

where is a square basis matrix for the -th class, and
is the bias vector for class . The task is first to classify the
unlabeled data points into one of the classes, and then to
determine the parameters for each classes. The parameters
include for the -th class, and the class probability

for each data point. Within each class, the data
points are modeled by standard ICA. Therefore, we rewrite the
total likelihood of the data based on ICA mixture model for
state as

(11)

Note that the mixture density is represented in a form of ex-
ponential functions. For ICA problems, as analyzed in [11],
a Laplacian density model can be used to approximate super-
Gaussian densities, and a bimodel density can be used to ap-
proximate sub-Gaussian densities. The combination is the ex-
tended informax ICA learning rule for a standard ICA problem.

For the ICA mixture model, the estimation of each mixture den-
sity is one standard ICA problem.

The ICA mixture model can be further integrated into HMM
framework to model the observation densities. Classic Gaussian
mixture models (GMM) based on maximum likelihood estima-
tionareformulatedin[10]todescribecontinuousobservationsfor
Markov chains. We consider our ICA mixture based observation
models as a further extension to better describe non-Gaussian ob-
servations for Markov chains. Using the ICA non-Gaussian mix-
ture observation model, we may be able to get a better fit of the
data with a smaller number of classes. In video data, each frame
generally has different properties in different regions and they
may all change with time. In the high dimensional feature space,
if observed data has strong non-Gaussian characteristics, or if we
are interested in understanding its non-Gaussian properties, we
can choose ICAMHMM as the model, and may get a better fit of
the data especially when we want to limit the number of classes
to reduce the complexity of the system.

ALGORITHMS FOR ICAMHMM

C. Model Parameters

The proposed ICAMHMM framework has the fol-
lowing model parameters: , where

is the transition matrix.
is the mixture

matrix; is the mean
coefficients for mixture densities, where is the -dimen-
sional mean vector for the -th mixture component at state
; is the ICA basis

coefficients, where is the basis matrix for the -th
ICA source at state . , is the initial
state distribution. Note that , , and are essentially the
parameters for the modeling of the observation distributions
in parametric form.

The identification of the ICAMHMM model is to infer the
parameters based on training data. In ICAMHMM, the new ob-
servation model is based on non-Gaussian mixtures, and each
non-Gaussian mixture component is associated with a standard
ICA. The re-estimation formulae for learning all the model pa-
rameters of the ICAMHMM framework are derived as follows.
The forward variable and backward variable are
defined as [8]: , and

.
Using the forward variable and the backward variable defined

above, two probabilities of the joint event can be defined [8]

(12)

(13)

where (12) defines the probability of the joint event: a path
passes through state at time and through state at time ,
given the available sequence of observations and the param-
eters of the model . The (13) defines the probability of being
in state at time , given the observation sequence , and the
model .
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In non-Gaussian mixture observation model, we generalize
the intermediate variable to . The variable
is defined as

(14)

where is the non-Gaussian observation proba-
bility density function evaluated at . The term

can be interpreted as the probability of being in state
at time with the -th mixture component accounting for .

D. Re-Estimation Algorithms

1) Maximum Likelihood Formulation: To derive
ICAMHMM updating rules, we introduce the likelihood
function (as defined in (2)) and partition the likelihood function
over the state space. First, we denote the joint likelihood of
observation and the state sequence as

(15)

where the partition of the likelihood function over the state space
is represented as a sum over the set, , of all possible state se-
quences . Note that the posterior likelihood defined in (15) is
over all possible sequences of states. The objective is to maxi-
mize over all parameters . For a particular state se-
quence , the probability is:

. The likelihood function can then be
rewritten as

(16)

Note that is the observation probability density function
(see (6)) evaluated at , given the state at time is .

Recall (6), we model as ICA mixture models

(17)

where is the non-Gaussian probability den-
sity function evaluated at . Based on the
above representation, the likelihood function can be further par-
titioned by choosing a particular classification sequence,

, of mixture densities, where the values of
can be chosen from . The mixture se-

quence determines which class each observation belongs to.
We denote the set of all possible mixture sequences as . By def-
inition we have the following partitions of the likelihood func-
tion:

(18)

where is the joint likelihood of , , for some
particular mixture sequence

(19)

Thus, a complete representation of the likelihood function is
represented as

(20)

To apply maximum likelihood estimation, we define the aux-
iliary function (the -function) with similar form as [9], [10] :

(21)
where is the current parameter set, and is the new param-
eter set. It has been proved that maximization of -function
of the above form leads to increased likelihood [10], [12], i.e.,

implies that . Re-
call that the likelihood is first partitioned in the state
sequence space, and then further partitioned in the mixture se-
quence space. Similarly, by definition the -function can also
be partitioned as

(22)

where

(23)

and

(24)

Based on (22)–(24), we successfully partition the -function,
and construct the function (24). The inner summation of (24)
has the identical form to the one used by Liporace in [9]. In
[9], Liporace has already proved that the -function of that
form has a unique global maximum as a function of , and
this maximum is at a critical point. Assuming the mixture den-
sities in (17) are non-Gaussian but log-concave or elliptically
symmetric, and based on Liporace’s theorems, we can conclude
our -function that takes summations over and also has a
unique maximum at a critical point. Thus, the maximization of
the function leads to increased likelihood, and the likelihood
function converges to a relative maximum.
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2) Derivation of Re-Estimation Formulae: Since we have
proved the convergence of a relative maximum of the -func-
tion, we now can apply the standard Lagrange optimization
technique to derive the re-estimation formulae for learning
model parameters of the ICAMHMM.

To derive the re-estimation formulae, we can calculate the
-function and split the results into three terms as shown in

(25) at the bottom of the page. Since the parameters , ,
and are independently separated in the sum, we can
optimize each term individually. The first term in (25) becomes

(26)

To optimize the right hand side of (26), we can add the Lagrange
multiplier using the constraint that , and setting the
partial derivative to zero. We get

(27)

Calculate the derivative and sum to get first, and then solve
for each , we get

(28)

In a similar way, we use the Lagrange multiplier with the con-
straint , and get

(29)

The third term in (25) can be further split into two terms and the
first term can be optimized using Lagrange multiplier to get the

(30)

while the other term is the representation based on
non-Gaussian densities. As formulated earlier, we associate
each non-Gaussian mixture component with a standard ICA.
Thus, the non-Gaussian component can be decomposed as a
linear combination of statistically independent sources. The
inference of non-Gaussian component densities in parametric
form is described as follows.

In the presented ICAMHMM, the spatial statistics of obser-
vations are exploited by ICA mixture model. The observation
model is to represent the observation density functions as the
weighted sum of non-Gaussian distributions. The mixture com-
ponents can be considered as a combination of different classes.
For each class, the non-Gaussian density is further represented
as a linear transformation of statistically independent sources.
Thus, without considering the state space, the data within the

-th class are described by ,
where is the basis matrix for the -th component, con-
tains the statistically independent sources, and is the bias
vector for class .

Taking the state space into account and applying ICA mix-
ture method, the observation density at time , given state , is
computed as

(31)

where . Note that implicitly models the
sources . The density of can be approximated by super-
Gaussian or sub-Gaussian densities depending on the source
model.

The basis matrix for the -th class at state can be learnt
by using the standard ICA algorithm. We choose the extended
infomax estimation algorithm [11] to learn the parameters in
the ICA models. By selecting different sigmoidal nonlinearities
in infomax, it is suitable to adapt the learning for both super-
Gaussian and sub-Gaussian sources [7], [11] . The adaptation
of the basis matrix is

(32)

where are the parameters for each com-
ponent density. can be computed as

(33)

(25)
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The mean vector for each mixture at state is approximated by

(34)

In the actual implementation, the calculation of the basis ma-
trix is approximated using the extended informax algo-
rithm reported in [11]. For a given state , each mixture compo-
nent in the density model is an separate ICA model and finding
the basis matrix is equivalent to finding its pseudoinverse, i.e.,
the filtering matrix with . The updating
rule for at step is given by [7], [11] :

(35)

where is the learning rate and is the source estimate
. The Signs is a diagonal matrix with ones representing

super-Gaussian distribution and negative ones representing sub-
Gaussian distribution according to Kurtosis estimate.

3) A Summary of the Algorithm: The ICA mixture model it-
self in observation space only gives us the spatial statistics. The
temporal dynamics are not well exploited in ICA mixture model
itself since generally ICA algorithm ignores the order of the sig-
nals. However, by integrating ICA mixture model into HMM
framework, the temporal information is modeled by the transi-
tion matrix and the state sequence. During implementation, we
randomly initialize the following parameters: (i) the basis matrix
coefficients ; (ii) the mean vector co-
efficients ; (iii) the observation densities

. To integrate them into ICAMHMM framework, these co-
efficients are duplicated for each state and used as initial values
for each state. In the temporal modeling step, (28), (29), and
(30) are implemented and calculated using the intermediate vari-
ables iteratively. To summarize the algorithms derived above,
the re-estimation formulae for ICAMHMM are listed as follows:

(36)

Note that when calculating the intermediate variables like ,
, , , the observation densities is com-

puted as

(37)

where can be in-
terpreted as the -th component density, given the state . Thus,
the weighted summation over gives the overall observation
density at state .

The procedures for ICAMHMM framework are summarized
as follows:

1) Initialize the parameters, such as the number of mixtures
, the number of hidden states , and the ICA source

model .
2) Apply ICA mixture to model the observations, and calcu-

late the parameters for mixture component densities.
3) Apply the derived re-estimation formulae (36)–(37) to

compute all the parameters for ICAMHMM.

E. Likelihood Evaluation

The re-estimation formulae derived in the previous subsec-
tion can be used to compute all the parameters needed to rep-
resent a HMM model with non-Gaussian mixture observation
densities. Each model (model parameters) represents one event.
The calculation of the likelihood is very similar to the classical
Forward-Backward Procedure. The major difference is that the
observation densities are computed from the sources and basis
matrices. The likelihood is inductively solved as fol-
lows:

1) Initialization:

(38)

2) Induction:

(39)

with
3) Termination:
For events, we need to calculate likelihood given all the

model parameters. The one that give the maximum is considered
as the detected event (see (2) and (3)).

F. Discussions

The algorithms derived in this paper provides an alternative
way to estimate mixture models under HMM framework other
than the classic mixture of Gaussian (MoG) models. The ICA
mixture model is able to decompose the observations into a rep-
resentation of non-Gaussian sources, and this representation,
when combined with HMM learning, is able to adapt the data in
the spatial domain and the time domain simultaneously. How-
ever, to determine the number of mixture components is non-
trivial in mixture models. In our experiments, we generally use
two mixtures per each observation model to make the imple-
mentation easier and it seems sufficient for us to cover most
cases both in simulations and in our collected video data. MoG
HMM is sensitive to the initial parameter estimation and the
number of mixtures since expectation-maximization (EM) algo-
rithm can only find a local maximum. Our ICAMHMM model
essentially inherits the same limitation since we plug our ICA
mixture mode into the existing EM based HMM learning. There
are some efficient algorithms [13] and [14] that can be used to
estimate these initial parameters and thus can effectively help
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convergence and estimate the number of mixtures. In the present
paper, we only focus on general model development.

III. SIMULATION RESULTS USING ICA MIXTURE

HIDDEN MARKOV MODEL

To verify the proposed model, we generate simulated data
to validate the model and algorithms. We define two “hidden”
states with each state being associated with a mixture model.
The observations are defined in a two dimensional space. We
choose some common non-Gaussian distributions in images and
videos and combine them together to form the observation dis-
tributions. The observation density for state 1 has three mixtures
with each mixture being generated from an independent ICA
model. The first ICA mixture in state 1 is created by mixing
two independent sources randomly drawn from a Laplacian dis-
tribution and a Tukey-Lambda distribution. The second ICA
mixture is a mixing of two independent uniform sources. The
third ICA mixture is a mixing of two independent Laplacian
sources. Each of the above three mixtures has their own bias
vector. The class probabilities for each of the three mixtures
are 40%, 10% and 50%, respectively. The observation density
for state 2 has two mixtures with each mixture being gener-
ated from an independent ICA model. The first mixture com-
ponent is created by mixing two independent sources randomly
drawn from a Gamma distribution and a uniform distribution.
The second mixture is created by mixing a uniform source and
a binorm source. The weights are 50% for both mixture compo-
nents. We apply our ICAMHMM algorithm to the observations
and then get the estimated state sequence. The results show that
the hidden states of 99.85% observation samples have been cor-
rectly identified. The results show that ICA mixture model com-
bined with existing EM based HMM framework is effective in
learning the data and capture the temporal characteristics.

The simulation results show that the ICAMHMM can ef-
fectively capture both the spatial (actually in the feature space
rather than the real spatial domain as in images) characteristics
and temporal characteristics, and converge to a local maximum.
We compared ICAMHMM with MoG HMM and found that
when both of them converge to the global maximum, the per-
formances are similar. Using MoG HMM, the model can also
adapt the simulation data and by average 99.98% of hidden
states can be correctly estimated when the algorithm converges.
However, we found that for the simulation data, MoG HMM has
difficulties in convergence. We ran Monte-Carlo simulations
on randomly chosen initial parameters on the same data set.
The results show that the MoG HMM converges to the correct
global maximum at the ratio of 33% while the ICAMHMM
converges at the ratio of 52%. The computation cost of the
training process for ICAMHMM is higher than MoG HMM
learning due to an additional ICA step. In our simulations, the
ICAMHMM algorithm was implemented in Matlab without
optimization and the average running time for each iteration
is 16.23 seconds. The average running time for each iteration
in MoG HMM learning on the same hardware is 1.3 seconds.
The performance of ICAMHMM highly depends on selected
ICA algorithms. However, note that these calculations are in
the training step and may only need to be done once in off-line

mode. In the feature extraction step, our selected features can
be run in real-time since we only choose color histograms as
the main features. In the event detection step, ICAMHMM does
not have additional computation cost. The computation cost of
the likelihood function is the same as MoG HMM.

IV. CONTENT ANALYSIS BASED ON ICA MIXTURE

HIDDEN MARKOV MODEL

Applying ICAMHMM, we develop a video event detection
and recognition system including four modules as follows.

1) Feature Extraction: We use frame-based global features
to analyze the content. To reduce the lighting effects, we
choose normalized chromaticity histograms [15] as our
color features. Based on 3D RGB color space, the 2D il-
lumination-invariant normalized chromaticity is de-
fined as .
Histograms with 256 bins are generated as features in the
normalized chromaticity color space for each video frame.
We apply ICA to extract the two independent components
(ICs) from high-dimensional feature vector. The ICA task
is to find filter matrix using only the observations. Each
video frame is processed as one observation that can be
considered as a linear combination of hidden basis func-
tions. The ICA model assumes that the observations are
a linear combination of statistically independent sources.
The illumination invariant histograms are used as the input
signal. We denote as the input signal,
and as the output signals of ICA learning
model, where is the number of video frames. The ICA
learning model is defined as ,
where is the filter matrix, is the statistically inde-
pendent sources. is considered as recovered independent
sources. The rows of the output signals are independent
components (ICs). Since the time course is only associated
with the ICs, we select the two most significant ICs as the
new features instead of the basis functions. Thus, the ob-
servation feature space is reduced to 2-dimensional.

2) Shot Boundary Detection: Based on video frame distribu-
tion in the ICA subspace, a dynamic clustering algorithm
[16] is applied to classify video frames into shots and de-
tect the shot boundaries. Each video frame is represented
by a point in ICA subspace, and Euclidean distance is used
as dissimilarity measure between two points.

3) Model Training: The output signals from
ICA learning in previous feature extraction step are used as
observations in ICAMHMM. During ICAMHMM model
training, the spatial characteristics of the signals are cap-
tured by ICA mixture model and the temporal characteris-
tics of the observations are explored by a HMM modeling
to find the most probable state sequence. The parameter
re-estimation formulae are derived in earlier sections. For
each event, a different model is trained, and the model pa-
rameters are used to represent the event.

4) Event Detection: We assume each shot can be categorized
into one of the candidate events. The detection of event
is essentially a sequence classification since each event is
represented as model parameters. For a new sequence, we
evaluate the log-likelihood given each model. The event
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Fig. 2. Video pattern for a tee shot with full-swing.

Fig. 3. Video pattern for a fairway shot.

Fig. 4. Irrelevant events.

whose model gives the maximum log-likelihood will be
declared as the detected event for the test sequence.

Note that ICA techniques are used twice in the event detec-
tion system. During feature extraction, the use of ICA can be
considered as a pre-processing filter which creates a compact
and efficient representation of the original data. During model
learning process, ICA mixture is used to model the observation
densities that are non-Gaussian distributions.

A. Experimental Results

To illustrate the effectiveness of the proposed algorithms, we
choose golf video data as a case study. For the golf video, the re-
current patterns are generally very recognizable especially when
the players hit long and straight shots. The first scene is rela-
tively static when the payer prepares for his hit. After he swings
and hits the ball, the next scene often contains high motion ac-
tivities when the camera follows the ball. Finally, the scenes al-
ways focus on the golf court to track the ball or the player, and
those generally contain low activities.

In the experiment, one hour golf video is captured from TV.
The video data is encoded in MPEG-1 format with frame rate
29.97 frames per second. The video contains different lighting
conditions, multiple views in one window, and quick camera
motions. Compared with surveillance or traffic video with rela-
tively static background, this golf video data is a challenge to an-
alyze. Even though the video contains many dynamics, some re-
current patterns are still recognizable by human perception. For
example, “full-swing” scenes generally begin with a zoom-in to
capture the player’s preparation for his hit, and then followed
by a quick camera motion to track the ball. Finally, the last
scenes are usually some zoom-ins to locate the slowly moving
ball. Other events include random camera moves, audiences,
invited talks, and natural views. We define three events: event
1—“full-swing”, event 2—“non-full-swing”, and event 3—“ir-
relevant event”. “Full-swing” event is defined as the golf swing
that produces long and straight shots with full-swings. “Non-
full-swing” event is defined as the soft hit such as fairway shots
and bunker shots, and generally the ball does not fly very high
for such cases. The irrelevant event includes all other scenes
such as the invited talk, the scene of the audience, etc. Figs. 2–4
show examples of these three events, respectively.

TABLE I
LOG-LIKELIHOOD FOR THE TRAINING SEQUENCES

TABLE II
GROUND TRUTH AND DETECTION RESULTS FOR THE TEST SEQUENCES

The one hour golf video is automatically segmented to video
shots and then video shots are manually grouped and annotated
as video events. The event boundaries are assumed to be aligned
with shot boundaries but each event may contain one or multiple
video shots according to our definition. In this paper, we do not
address the event segmentation issue. The experimental results
are only used to verify the effectiveness of the new statistical
model in learning the training data, and detecting or classifying
the new data by exploring both the spatial and temporal features

We choose three video sequences (Training sequences 1, 2,
and 3) which contain different events as our training data. The
goal is to detect which event an unlabeled video sequence might
belong to. The training results are shown in Table I. The log-
likelihood of the training sequences for each model/event are
listed in the second column in Table I. After the training, we use
the rest of golf video data as the test sequence to verify the pro-
posed event detection algorithms. The test sequence is also man-
ually annotated and classified into one of the three events. The
ground truth and event detection results are shown in Table II. To
evaluate the performance of the event detection algorithm, we
introduce a detection rate , where
is the number of correctly detected events, and is the
number of total events. The overall detection rate for the pro-
posed framework is 70.79%.

For golf videos, scenes with uniform distributions such as sky
scenes and golf court scenes are very common. Those cases gen-
erally tend to generate errors in motion estimation algorithms
since low frequency contents are dominant in video frames.
Golf videos are also different from other games such as bas-
ketball videos in that motions either from players or from the
ball tracking are often less intensive. Camera panning or slow
zooming on relatively static scenes is also very common. How-
ever, we observe that in golf videos the patterns of camera move-
ments from one scene to another seem to provide a good cue
to identify the events. So, in our experimental results, we only
apply the color histogram as the features. It is also possible to
include more features, such as motion or even segmentation re-
sults to extend this analysis. The use of ICA in the feature ex-
traction step will make the fusion of multiple features from dif-
ferent domains much easier since ICA filtering can automati-
cally reduce the dimension and transform the feature space to
ICA subspace and re-represent the features as the statistically
independent components. Also note that in the feature extrac-
tion step, our selected features can be run in real-time since we
only choose color histograms as the main features. Using more
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Fig. 5. In the ICA feature space (a) Four classes are learned for training video
sequence 1; (b) Two classes are learned for training video sequence 2; (c) Two
classes are learned for training sequence 3.

TABLE III
EVENT DETECTION RESULTS MEASURED IN CONFUSION MATRIX

complex cues such as motion may not be as computationally ef-
ficient.

The distributions of video frames in ICA subspace are plotted
in Fig. 5. Note that we also manually add arrows to show the
temporal information and how video samples (feature vectors)
move in the ICA subspace. In event detection step, both the fea-
tures in the ICA subspace and the temporal information will be
used to identify the event based on the trained model. It can be
seen that the shapes and patterns are very similar. The temporal
characteristics are captured by HMM models.

The detection results measured in confusion matrix is shown
in Table III. In the event detection step, the problem is essen-
tially equivalently to classifying each video shot in one of the
three pre-defined events. From the confusion matrix, we can see
that many event 1 candidates are misclassified to event 2, and
some event 2 candidates are also misclassified to event 1. We
did some failure analysis and found that the errors are caused by
the following factors: features, the definition of the events, and
the “noise”. The reason we choose normalized color histogram
is because we want to eliminate the effect of the illumination
changes and make maximum use of the color cues for golf video.
In some cases, it is difficult to distinguish a full-swing from a
regular shot because for some full-swing shots the camera did
not track the ball in close-up, so the model learnt from golf
court—camera panning to track the ball in the sky—ball falling
down cannot capture those full-swings in long camera shot.
Also, in some regular shots, there are some quick camera move-
ments that confused the models and thus some regular shots are
also misdetected as full-swing shots. Possible improvements in-
cludes adding more features such as motion, but as analyzed ear-
lier, motion is also likely to introduce noise in the feature space.
For those failure cases the difference between a full-swing and
a regular shot is less recognizable.

V. CONCLUSION

In this paper, a new video content analysis framework is pre-
sented based on HMM and ICA mixture model. The new frame-
work combines ICA mixture model and HMM. The observa-
tion densities of HMM are presented by non-Gaussian mixtures
and each non-Gaussian mixture density is learned by ICA. The
new framework extended the classical continuous HMM using

Gaussian mixtures, thus allows the approximations of a larger
range of distributions. The spatial statistics are explored by ICA
mixture model and the temporal characteristics are modeled by
HMM transitions. Note that ICA is used twice in our video de-
tection algorithm. First, ICA is applied on video frames and
the ICA coefficients are used to form a compact feature sub-
space. Secondly, ICA mixture model is used as a density esti-
mation method for parametric form representations of the dis-
tributions since ICA is an appropriate model to estimate the
non-Gaussian source densities. We verify the proposed frame-
work in a supervised learning to detect semantic video events.
One HMM model is trained for each event. The model that gives
the maximum likelihood for the test sequence is considered as
the detected event. The experimental results show that the pre-
sented method can effectively detect and recognize the recur-
rent patterns in our golf video data. Also, the presented new
ICAMHMM framework is general and can be applied to sequen-
tial data analysis in other video content analysis applications.
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