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Abstract—In this paper, a hidden conditional random field
(HCRF) model with independent component analysis (ICA) mix-
ture feature functions is developed for video event classification.
Video content analysis problems can be modeled using graphical
models. The hidden Markov model (HMM) is a commonly
used graphical model, but the HMM has several limitations
such as the assumption of observation independence, the form
of observation distribution and the Markov chain interaction.
Unlike the HMM, the HCRF is a discriminative model without
conditional independence assumption of observations, and is
more suitable for video content analysis. We formulate the video
content analysis problem using a new HCRF framework based
on the temporal interactions between video frames. In addition,
according to the non-Gaussian property of video event features,
a new feature function using the likelihoods of ICA mixture
components is proposed for local observation to further enhance
the HCRF model. The discriminative power of the HCRF and
representation power of the ICA mixture for non-Gaussian
distributions are combined in the new model. The new model is
applied to the challenging bowling and golf event classifications as
case studies. The simulation results support the analysis that the
new ICA mixture HCRF (ICAMHCRF) outperforms the existing
mixture HMM models in terms of classification accuracy.

Index Terms—Bowling video events, golf video events, graphi-
cal models, hockey video events, ICA mixture hidden conditional
random field (ICAMHCRF), sport video events, video event
classification.

I. Introduction

IN THE PAST several years, content-based image and video
indexing and retrieval systems have been a major research

topic in the field of multimedia content and computer vision
analysis [1], [2]. Many systems, however, have limited perfor-
mance by using only a few low level features such as color,
texture, shape, and motion, because there is a huge semantic
gap between low level features and high level semantic mean-
ings. The most effective way to narrow the semantic gap is to
better understand the image and video content and its structure.

Videos have rich structural information that can be used
for video indexing and retrieval. Video content analysis is to
find meaningful structure and patterns from the visual data
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for the purpose of efficient indexing and mining of videos.
Video analysis tasks include video parsing, content indexing,
abstraction, and representation. Video parsing is to segment
video to different levels of segments. The early works focus on
low-level parsing, i.e., the video shot boundary detection [3],
[4]. After segmentation, camera shots need to be labeled, given
meaningful names, and classified into different categories. A
key technology in the process of content indexing, abstraction,
and representation is content classification. One kind of video
classification is video event classification, which classifies
video shots into different events. In recent years, event clas-
sification in videos has become a popular research topic. The
primary focus of this paper is the video event classification
and its application in sports video event classification.

Researchers have been tackling the video event classification
problem from different aspects. Many of them select a bag of
detailed static features in both space and time domain and
then feature matching methods or machine learning methods
are used to construct a good classifier. For examples, in [5],
localized spatialtemporal volumetric features including shape
and flow are extracted and then a volumetric shape matching
algorithm is developed for video action event detection. SIFT
features and supporting vector machine (SVM) based classi-
fiers are used in [6] for video event recognition. Motion fea-
tures based on a bag of visual words are used for video event
detection in [7]. In [8], a kernel method with a bag of descrip-
tors and multilevel temporal alignment is used for abnormal
event recognition in videos. These methods tend to have many
detailed features and generally have high computational cost in
terms of feature extraction and classifier training. The detailed
features are often good for discriminating the subtle frame and
pixel based differences in different actions and therefore ap-
propriate for classification of events with action identifications.

Meanwhile, many event classification problems, such as in
many sport video events, complex temporal dynamics often
contain rich information to discriminate different events. In
such cases, static spatiotemporal features may not be sufficient
or efficient to capture such dynamics and associate semantics.
On the other hand, simple feature combined with temporal
dynamics models can be more efficient for video event clas-
sification. The focus of this paper is to build such a statistical
model to describe the temporal dynamics in videos.

Most previous research utilized probabilistic graphical mod-
els, especially the hidden Markov model (HMM) [4], [9],
to explore the temporal dynamics and interactions of video
sequence. The first aspect of video content analysis based on
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statistical modeling is modeling the temporal dynamic of video
sequence. The second aspect is the statistical modeling of local
observations. The HMM is widely used for temporal interac-
tion modeling in the literature of video analysis algorithms
[10]–[20]. In [11], an unsupervised classification method based
on color ratio and motion features in the soccer domain is
developed using an HMM. In [12], the audio features such as
applause and cheering are modeled as an HMM. In [13], an
HMM is used to model the temporal behaviors of different
scene classes using audio-visual features. In [15], baseball
highlights is modeled as an HMM using various kinds of
features. It is extended to the maximum entropy model [18],
which puts several shot features together for classification and
does not apply the useful temporal dynamic information. The
local observation model is generally a Gaussian mixture model
in previous work. The hierarchical HMM presented in [19]
is a more complex HMM model. In [20], a noncausal 2-D
HMM was employed to depict the moving object trajectory
for classifications of videos that contain moving objects. As
mentioned in the HMM tutorial paper [21], there are several
limitations of HMMs, such as the conditional independence
of observations, the form of local observation distribution and
the Markov chain interaction.

To address limitations of the HMM, the conditional random
field (CRF) model [22] is first introduced by Lafferty et al. for
sequential data recognition in speech. It also has successful
applications in image labeling [23], object recognition [24]
and so on. But the full labeling of training sequence states
prevents it from applying to some event analysis problems.
To solve this problem hidden CRF (HCRF) is proposed by
Quattoni et al. recently in [25]. Unlike the HMM, the HCRF is
a discriminative model that does not depend on the conditional
independence assumption of observations, making the HCRF
more suitable for video content analysis. For complex interac-
tions such as in sports video frames, an HCRF can be applied
to model sports video event and improve the classification
accuracy rate compared with HMMs. The HCRF has been
applied to phone classification [26], gesture recognition [27]
and meeting segmentation [28]. The latter two are related to
videos. In [27], the gesture recognition problem is modeled
using an HCRF. Relevant features are generated from gesture
videos accordingly and then applied to gesture classification.
In [28], multimodal features are extracted and an HMM like
backward and forward algorithm is applied in an HCRF to
meeting event segmentation.

To address the local observation statistical modeling, the
Gaussian mixture equivalent is employed in HMMs and
HCRFs in [26] and [28]. However, in videos the observations
of features usually follow distributions other than Gaussian
or Gaussian mixtures. It is often more suitable to use the
independent component analysis (ICA) mixture model [29]
rather than the Gaussian mixture model to describe video
observations. In [30], based on the non-Gaussian property of
visual features, the ICA mixture observation model can be
applied in HMMs for golf video event classification.

For complex interactions in video frames, such as in sport
videos, HCRFs can be applied to model these events to achieve
better classification accuracy than HMMs [31]. This paper

presents a new ICA mixture HCRF (ICAMHCRF) model for
video analysis. This new model takes advantage of discrimina-
tive power of HCRFs and the representing power of nonstruc-
tural ICA mixture models. The likelihood of ICA mixture com-
ponents are used as feature functions in the new model. The
new ICAMHCRF model is applied to bowling and golf event
classification, and simulation results show that it has better per-
formance than existing HMM models. It is also tested with one
high activity sport hockey and simulations results show that
is has comparable performance with existing HMM models.

The paper is organized as follows. First, Section II presents
a brief overview of CRF and HCRF and formulates the video
analysis problem using HCRF. Then the new HCRF model
based on ICA mixture local observation is given in Section
III. Section IV outlines general steps of the video content
analysis using the ICAMHCRF model. In Section V, the
new ICAMHCRF model is applied to three kinds of sports
(bowling, golf and ice hockey) video analysis, and numerical
performance is given. The paper is concluded with a summary
and directions for future research in Section VI.

II. A New Hidden Conditional Random Field

Model for Video Event Classification

A. Problem Formulation

The task of video content classification is to assign the
chunks of digital video data to content categories, such as
sports highlights, news anchors, and snowy mountain land-
scapes. For a given video, the objective is to first identify the
event boundaries and then classify each video segment into
one of the possible known events. To simplify the problem,
we assume that the beginning and ending frame of a video
event are located at shot boundaries. A video segment (one or
a group of video shots) consists of a sequence of video frames
which follows a chain structure. Therefore, graphical models
such as HMMs, HCRFs, can be applied to model such time
dynamics. Unlike gesture and meeting segmentation in which
the backgrounds are simple, sport event classification with real
scene settings is more challenging. Fortunately sports videos
that consist of a set of predefined actions in a certain order fit
requirements of probabilistic graphical models.

For a video event sequence consisting of video frames,
we define each frame as a node in a graphical model. A
linear chain graph is formed by linking nodes in the video
playing order. A feature vector xi ∈ X with several features
is extracted from ith video frame in a video sequence. The
feature vector is one observation of a frame in the multiple-
dimensional feature space X . A video event is defined a video
segment (one or a group of video shots in our discussion) with
consecutive video frames, which represents certain semantic
concept. For example, a video segment representing a bowling
shot or a golf full swing can be defined as a video event.
Let y ∈ Y denote a possible event, where Y is the set of
all possible events of a certain kinds of sports videos. The
video event analysis task is to find the most probable y for
the given observation sequence x. The likelihood can then be
formulated as the conditional probability P(y|x; θ), where θ is
the underlying parameter of the model. The highest probability
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Fig. 1. (a) Example of 1D CRF model and (b) its factor graph representation
for video analysis. (c) Example of an HMM.

P(y|x; θ) means that the video sequence most likely belongs
to the event class y.

We formulate the video analysis problem using the hidden
conditional random field (HCRF) model, an extension of
conditional random field (CRF) model, which is a relatively
new graphical model for event and object recognition.

1) From CRF to HCRF for Video Analysis: The linear
chain CRF model, shown in Fig. 1(a) and (b), is a commonly-
used graphical model for labeling sequential data in computer
vision. The structural interaction between different compo-
nents of the data is reflected by a graph. The probabilistic
model is built on the graph. In Fig. 1, shaded circles are the
observed features at nodes. Empty circles represent labels,
which are unknown for the testing data and known for the
training data. The interactions between these random vari-
ables are shown as edges. The corresponding probabilistic
function of the model can be factorized to node and edge
factors. Fig. 1(b) is the factor graph [32] representation of
the model shown in Fig. 1(a). The factor graph provides an
alternative graphical representation, which explicitly expresses
the factorization of the distribution [32]. Each factor function,
the rectangle box in Fig. 1(b), can be a joint distribution or a
potential function of the connected node variables. Also, for
comparison, Fig. 1(c) shows an example of an HMM. Note
that the HMM is a directed graph.

The solid line represents the interaction between a state
node and its own observation. The dashed line represents the
interactions between the observation of a state node and its
neighboring state nodes. Note that in HMMs, there are only
solid lines, i.e., there are no relationships between hidden state
nodes and the observations of their neighboring state nodes.
The dashed lines relax the observation independence.

The CRF model is a graphical model defined on an undi-
rected graph G(V, E) with vertices V and edges E. A vertex
V in a graphical model represents a node variable, which can
be an observed node, such as observed frames represented
by its feature vectors x, or a state node, such as the event

label y or the hidden state label h for a video frame. The
features in the feature vector xi for the ith frame could be any
meaningful filter response such as color, texture and shape.
The observation variable x = {xi}i∈V has an associated hidden
state h = {hi}i∈V where hi ∈ H is the hidden node/state label
for ith frame. The set of all possible labels is H. In tasks
such as image labeling, the labeling problem is to infer the
underlying labels h given the image features x and parameters
of the model θ, that is to maximize the posterior probability
P(h|x; θ).

An edge E represents the relationship between the end node
variables. An undirected graph is a graph in which edges
have no orientation, while edges have orientation in a directed
graph. In a graphical model, an edge relation with no orienta-
tion indicates that there is no conditional dependence between
the end nodes. The edge relation with no orientation can be
represented by a joint probability distribution of the related
node variables; an edge relation with orientation indicates
that there is conditional dependence between the end nodes.
The edge relation with orientation can be represented by a
conditional probability distribution from one node to the other.

A CRF model defines the posterior probability in the
following form:

P(h|x; θ) =
1

Z(x; θ)
exp{�(h, x; θ)} (1)

with the observation-dependent normalization factor

Z(x; θ) =
∑
h′∈H

exp{�(h′, x; θ)} (2)

and potential functions on all vertices and edges

�(h, x; θ) =
∑
i∈V

ϕ(hi, x; θ) +
∑

(i,j)∈E

ψ(hi, hj, x; θ) (3)

where ϕ(hi, x; θ) is the association potential between the
observation data and the label of site i, and ψ(hi, hj, x; θ) is the
interaction potential between current site i and its neighboring
site j given the observed features. Usually, as in Fig. 1,
ϕ(hi, x; θ) represents the prediction of the label hi based on
the local feature vector xi at site i, and ψ(hi, hj, x; θ) predicts
the label hi based on local compatibility between neighboring
labels and features.

Video event analysis estimates the probability P(y|x; θ) for a
segment of a video with a sequence of frames given the model
parameter vector θ. A CRF needs a label hi for every node
(frame), so it prevents the CRF model from being directly
applied to video content analysis. In the video shot event
classification, usually the states of nodes (features) are hidden.
It is troublesome to label all states h in a sequence of video
frames manually. Since an event label for the whole video
sequence is needed, we let labels of all sites (video frames)
be unknown hidden states.

The hidden CRF (HCRF) model is first developed for object
recognition [25]. The formulation of the posterior probability
P(h|x; θ) in a CRF model is replaced by P(y|x; θ) in a hidden
CRF model, which is a summation of exponentials of potential
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functions over all possible labels h as follows:

P(y|x; θ) =
1

Z(x; θ)

∑
h∈H

exp{�(y, h, x; θ)} (4)

with potential functions

�(y, h, x; θ) =
∑
i∈V

ϕ(y, hi, x; θ) +
∑

(i,j)∈E

ψ(y, hi, hj, x; θ).

Here y ∈ Y is a label for a whole sequence of frames and Y is
the set of all possible labels. For example, in the binary event
classification, Y = {−1, 1}, where 1 represents the existence
of the event and −1 nonevent. In a hidden CRF model, the
observation-dependent normalization factor becomes

Z(x; θ) =
∑
y′∈Y

∑
h∈H

exp{�(y′, h, x; θ)} (5)

where y′ is a possible label for the sequence.
Note that h represents hidden state nodes in the HCRF

model. We only define the set of states H. The actual state
of each node will be learned automatically from the training
set. For example, in hockey videos, we assumed two hidden
states. It turns out that these two states may be different
views of the scene, such as zoomed-in and zoomed-out views.
However, similar to HMMs, for HCRF models, we do not
know the meaning of the hidden state beforehand and the state
is assigned by the learning algorithm.

2) Comparison between HMM, CRF, and HCRF Event
Classification: An illustration of the HMM, CRF, and HCRF
model is shown in Fig. 2. As shown in Fig. 2, for video event
classification using the HMM, a specific model should be set
up for each specific event y. For example in the golf event
classification, there are three events: the full swing (event
1), the incomplete swing (event 2), and others (event 3), so
y ∈ Y = {1, 2, 3}. There are three models corresponding to
three events. During the training, the parameters are learned
for each model. The class label for the testing a sequence is
inferred by finding the most probable model for the sequence.

The CRF model can also be used for video event analysis.
It is similar to the HMM except that there are links between
the current label and neighboring observations. However, a
CRF needs labels for all hidden states for the training set,
and it is difficult and time consuming. In HCRF video event
analysis, there is only one model and weights of different
factors serving as discriminating coefficients to classify the
sequences. During the training process, weights θ are learned
from training sequences. Estimated parameters are used to
label the events in the testing process.

There are several differences between HMMs and HCRFs.
1) There are direct links between y and hidden states

sequence in the HCRF, while the HMM does not have
this useful structure.

2) Links of the HMM have directions. This is the generative
nature of the model. Observations are “children” of
states, and generated by states. So a fully observation
is needed for the training. The HCRF relaxes this
assumption by getting rid of directions of these links.

3) In the HMM, the observations are independent and only
depend on their own states. An HCRF model can have

Fig. 2. Illustration of the HMM, CRF, and HCRF model structure for video
content analysis. Here T is the length of the sequence.

links between the current observation and other states
beside its current state.

As we can see from Fig. 2, first, the HMM is a directed
graph and only allows for the conditional dependence of two
adjacent video frames, while the HCRF allows for undirected
interactions between the current video frames and other neigh-
boring frames. Second, for event labeling, different events are
represented by different HMMs with their own structures and
parameters, while in an HCRF, the event label is part of the
model and only one model is needed to represent multiple
events (similar to the object recognition in [25]). It makes the
training process much simpler.

These properties make the HCRF a better statistical model
for complex video event classification compared to the HMM.
In the following sections, a new HCRF model is presented to
represent the relationship between observation sequences and
event labels.
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Fig. 3. Factor graph of the new HCRF model for video analysis.

B. A New HCRF based Video Content Analysis Framework

We choose a restricted form of the function �(y, h, x; θ) as
shown in factor graph (Fig. 3) for video event analysis

�(y, h, x; θ) =
∑
i∈V

[φ(y, xi)θ(hi) + δ(y, hi)θ(y, hi)]

+
∑

(i,j)∈E

δ(y, hi, hj)θ(y, hi, hj) (6)

where φ(y, xi) is an observation function vector with the label
y at site i, δ(y, hi) equals 1 if the label y and hidden state
hi occur together, and 0 elsewhere. δ(y, hi, hj) equals 1 if
the label y and hidden state hi and hj occur together, and
0 elsewhere. Here θ(hi) is a parameter vector for associate
potential of the hidden state hi, θ(y, hi) is a compatibility
parameter vector of the sequence label y and the hidden state
hi, and θ(y, hi, hj) is a compatibility parameter vector of the
label and the interaction edges.

In (6), the first term φ(y, xi)θ(hi) + δ(y, hi)θ(y, hi)
is a simplification of ϕ(y, hi, x; θ), and the second
term δ(y, hi, hj)θ(y, hi, hj) is an implementation of
ψ(y, hi, hj, x; θ). The task of the HCRF training is to learn
parameters θ = [θ(hi), θ(y, hi), θ(y, hi, hj)] ≡ [θ1, θ2, θ3],
and the task of the inference is to find the label for a given
input using these parameters. It is also the main objective of
video content analysis.

Equation (6) is a simplified form of the potential functions
in (4). In (6), we put weights on the interactions between
observations xi and the event label y, between hidden frame
states hi and the event label y, and joint interactions among
neighboring frame states hi, hj and the event label y. These
potential functions have satisfactorily captured the most related
neighborhood of adjacent video frames, frame hidden states
and the video event/sequence label.

The observation feature function vector φ(y, xi) is a feature
statistics vector, that is

φ(y, xi) = [f1,1(y, xi), . . . , f1,k(y, xi), . . . , f1,K1 (y, xi)]

which is weighted by the parameter vector

θ(hi) = [θ1,1, . . . , θ1,k, . . . , θ1,K1 ]

in an HCRF model. Here K1 is the total number of feature
functions. The functions f1,k(·) can be features themselves or
functions of features. Note that we only consider the local

observations xi and the sequence label y in feature functions.
Note that the same feature function f1,k has the same weight
θ1,k for different nodes i. It basically represents the statistical
relevance of a certain feature function.

Similarly the function �(y, h, x; θ) in (6) can also be written
in the following feature function form:

�(y, h, x; θ) =
∑
i∈V

K1∑
k=1

θ1,kf1,k(y, xi)

+
∑
i∈V

K2∑
k=1

θ2,kf2,k(y, hi)

+
∑

(i,j)∈E

K3∑
k=1

θ3,kf3,k(y, hi, hj). (7)

Note that f2,k(y, hi) is a general expression of the node
feature function representing the relationship between the label
node y and the state node hi. Here we have K2 = 1 and
f2,1(y, hi) = δ(y, hi) as seen in (6). Similarly, f3,k(y, hi, hj) is
a general expression of the edge feature function representing
the relationship between the label node y and the edge
connecting state nodes hi and hj . And we have K3 = 1 and
f3,1(y, hi, hj) = δ(y, hi, hj). The simplified form of (7) hence
becomes

�(y, h, x; θ) =
∑
i∈V

K1∑
k=1

θ1,kf1,k(y, xi)

+
∑
i∈V

θ2,1δ(y, hi)

+
∑

(i,j)∈E

θ3,1δ(y, hi, hj). (8)

The parameters θ1,k, θ2,1, and θ3,1 are the node and edge
coefficients included in θ. The potential function � in (8)
is expressed as a linear mixture of the features functions f ,
with parameters θ as the coefficients. Such linear expression
simplifies the training and inference processing compared to
the general expression in (4).

III. ICA Mixture Hidden Conditional Random

Field Model

In the traditional form, the feature vector xi is directly used
as the observation function φ(y, xi) at site i in the HCRF. It
usually includes hundreds of features which make the learning
process slow. In addition, the algorithm may not find the
optimal value in a reasonable time period. In image analysis,
mixture models are widely used in nonstructural classifiers.
The usage of mixture models as observation functions for an
HCRF model is not widely investigated except the Gaussian
mixture mentioned in [26], [28]. In this paper, a new ICA
mixture HCRF (ICAMHCRF) model for video event classifi-
cation is developed. The observation function f1,k(·) is defined
as the log likelihood of the feature xi belonging to a mixture
model component. Unlike the often used logistic function in
the CRF, the log likelihood carries probabilistic meanings.
Therefore, the log likelihood function can better reflect the
local observation model than the traditional HCRF.
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A. ICA Mixture for Local Observation Function

Video observations often show non-Gaussian characteristics
and their distributions would be represented by independent
mixture components than Gaussian mixture components. Sup-
pose observation xi be expressed as an ICA mixture, i.e.,
xi ∈ Ck where Ck denotes the kth component of the mixture,
k ∈ {1, 2, . . . , K}. Write

xi = Mksk + μk, ∀xi ∈ Ck (9)

where Mk is the mixing matrix, sk are independent sources
for kth component of mixture, and μk is the bias. Then
the conditional probability of seeing observation xi given the
sequence label y can be expressed as

P(xi|y) =
K∑

k=1

P(xi|y, Ck)P(Ck|y) (10)

=
K∑

k=1

P(Ck|y) exp[log P(sk) − log(|Mk|)]

where |Mk| denotes the determinant of the matrix Mk.
Note that xi represents the observation of node i. The

observation is assumed to follow a mixture density. Then on
the condition that xi (i.e., the underlying label y,) belongs to
class Ck, xi can be represented by an ICA mixture as modeled
in (9). The ICA mixture in (9) is a description of class/label
Ck.

B. HCRF Model with ICA Mixture Feature Function

The log likelihood of each observation belongs to a mixture
component is chosen as a feature function

f1,k(y, xi) = log P(Ck|y)P(xi|y, Ck) (11)

i ∈ V and k = 1, 2, . . . , K is the index of the mixture
component. Here xi is represented by conditional probability
P(xi|y) locally, and the feature functions are computed using
mixture components. Note that in our experiments, only one
group of features is used so the number of feature functions
K1 is equal to the number of mixture components K.

The probability P(Ck|y) in (11) is a mixture coefficient for
the kth component. During the training process, with given
class label y, parameters of ICA (sk, Mk and μk) and mixture
components P(Ck|y) and P(xi|y, Ck) can be learned using
a modified standard ICA algorithm presented in [29]. Major
steps of this iterative algorithm are listed briefly as follows.

1) Compute log-likelihood of the data xi given mixture
component, as a function of current estimations of
parameter sk and Mk

log P(xi|y, Ck) = log P(sk) − log(|Mk|). (12)

2) Calculate the probability P(Ck|y, xi) with known obser-
vations xi and the previous estimated mixture coefficient
P(Ck|y)

P(Ck|y, xi) =
P(xi|y, Ck)P(Ck|y)

K∑
k=1

P(xi|y, Ck)P(Ck|y)

(13)

and the new estimate of P(Ck|y) is

P(Ck|y) =
1

N

∑
i∈V

P(Ck|y, xi) (14)

where N is total number of observation nodes.
3) Estimate the change of the mixing matrix Mk.

�Mk =
P(xi|y, Ck)P(Ck|y)

K∑
k=1

P(xi|y, Ck)P(Ck|y)

∂ log P(xi|y, Ck)

∂Mk

(15)

and the new bias

μk =

∑
i∈V

P(Ck|y, xi)xi

∑
i∈V

P(Ck|y, xi)
. (16)

The new ICAMHCRF model derived above provides a new
way to model both the local and temporal interactions for
sequence labeling tasks. The ICA mixture is used in both
training and testing processes. Unlike the Gaussian assumption
in other works [26], [28], a non-Gaussian model is used as
local feature functions for observations. This new function
better represents complex distributions of complex features
such as those in video frames. Since real scenes such as sports
video consist of non-Gaussian components, which could not be
represented by Gaussian mixture with a reasonable number of
components [30], the proposed ICA mixture feature function
is more suitable for video content analysis. The ICA mixture
describes the statistical distribution of the data observation
and the HCRF model captures the temporal probabilistic
structure of the video sequence. When the HCRF model is
combined with an ICA mixture observation model, it can adapt
to statistical and temporal probabilistic structure of the data
simultaneously.

IV. Event Classification based on the New

ICAMHCRF

The video event classification includes model identifications
and calculations of the conditional likelihood of an event.
Semantic video events are represented by a set of model
parameters learned from training video shots with known
classes. The model is trained using video events with known
labels. The parameter vector θ is learned from the training
process. After obtaining these parameters, the probability of
each input video event segment belonging to a certain kind
of event, i.e., the likelihood of each event given the model
P(y|x; θ), can be computed. The sequence is classified as the
event with the maximum likelihood.

The new ICAMHCRF video event classification system with
training and testing is shown in Fig. 4. In the preprocessing
step, videos are divided into shots using a shot boundary
detection technique [33]. During the training process, raw
color features of frames are extracted. We select the nor-
malized chromaticity histograms [34] as raw features used in
our experiment. For RGB color space, the 2-D illumination-
invariant normalized chromaticity (r, g) is defined as,
r = R/(R + G + B), g= G/(R + G + B). 2-D histograms
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with 256 bins are generated as raw features in the normalized
chromaticity color space for each video frame. Then the ICA
based feature space dimension reduction is used to extract
the most relevant two independent components. After the
dimension reduction, the feature vector becomes 2-D, i.e., each
video frame is now represented by a 2-D feature vector. The
computational complexity is significantly reduced with a 2-D
feature space.

The color histogram features have been proved effective
in other graphical models [30]. Note that the 2-D compact
ICA based color feature space mainly contains the global
color distribution information of each frame. By using such
a compact feature space, it is more meaningful to demonstrate
the discriminative power of the HCRF model, which captures
the temporal dynamic of the video sequence rather than
detailed image features of individual frames.

While the main focus and contribution of this paper is on
the new HCRF model, it is possible to incorporate other types
of features in our HCRF model depending on the applications
and types of videos in future work.

Note that in our processing, the ICA is used twice. The
first time it is used as preprocessing step to construct a
compact feature space and perform feature space dimension
reduction. This ICA dimension reduction step may be re-
placed by another dimension reduction technique depending
on applications. Then the ICA is used again in ICA mix-
ture model, which is used as a potential function in the
HCRF.

Then compact 2-D features are modeled as an ICA mixture
using the ICA algorithm in [29]. It has been shown in
the literature [35] that the Laplacian distribution is a good
description for the components of natural image distributions.
With the assumption of Laplacian sources, parameters of
the ICA mixture are learned. The log likelihood of each
feature or feature group belonging to a mixture component
is then calculated as the feature function in the HCRF model.
Parameters of the HCRF model are learned to maximize the
following likelihood objective function

L(T ; θ) =
∑

(x,y)∈T
L(θ|y, x) − ‖θ‖2

2σ2
(17)

where

L(θ|y, x) = log P(y|x; θ) (18)

= log

∑
h∈H

exp{�(y, h, x; θ)}

Z(x; θ)
.

Here T is the training data set, ‖θ‖2 denotes the square
of the 2-norm of θ, and σ is the standard deviation of
parameters θ. The objective function L(T ; θ) is the sum-
mation of log-likelihood of all training data minus a reg-
ularization factor. The term L(θ|y, x) is the log-likelihood
of one training data belonging to the model with param-
eter θ. The second term in (17) is a regularization factor
when parameters are assumed to be Gaussian distributed with
variance σ2.

Fig. 4. Flowchart of the ICAMHCRF model for video event classification.

The gradient descent method [25], [27] is used for training.
The optimal estimation of the parameter θ is

θ∗ = arg max
θ

L(T ; θ). (19)

The details of the training process are presented in
Appendix A.

During testing, compact features are computed and log-
likelihood feature functions are calculated using the param-
eters from ICA mixtures learned during training. Therefore,
by using belief propagation method [36], the most probable
class label y∗ of the testing sequence is inferred as follows:

y∗ = arg max
y∈Y

P(y|x; θ∗). (20)

V. Simulation Results

The new ICAMHCRF system is applied to two types of
video content analysis tasks. The first type is low activity
sports, including bowling activity recognition and golf video
event analysis. The second type is a high activity sport, ice
hockey. In both cases, the ICAMHCRF, the Gaussian Mixture
HCRF (GMHCRF), the ICA mixture HMM (ICAMHMM) and
the Gaussian mixture HMM (GMHMM) are compared. Note
that choosing the number of mixture components and that of
hidden states of the HMM and the HCRF are both nontrivial.
However, both of them could be optimized using training or
validation set. In our experiment, the numbers are initially
chosen in the range from 2 to 4 and the numbers, which
maximize the classification accuracy rate in these methods,
are selected. Because of the existence of hidden states, the
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Fig. 5. Example selected frames of bowling events. There are two events, a bowling shot event and another event (an advertisement event is shown here).
(a) Event 1: a bowling shot event. (b) Event 2: other events.

optimization is no longer convex. So the best result with
random parameter initialization is chosen.

Sports videos are first segmented to shots before event
classification. The ICA dimension reduction is applied to 256
illumination-invariant color histogram of frame features to
reduce the feature vector to two dimensions for each frame,
which is also used in the event classification as original
features. The cuts and gradual transitions detection is per-
formed on this 2-D ICA subspace using an iterative clustering
algorithm based on adaptive thresholding as in [33]. Note that
we use all frames in the training video to calculate the ICA
feature space. The same projection space is used for all shots
both for training and testing data.

A. Bowling Activity Classification

An ICAMHCRF model is used to recognize the bowling
shot event and compared with the GMHCRF, ICAMHMM,
and GMHMM. A 30-min professional bowling TV program
is used in the experiment. The video is divided to 232 video
shots, in which there are 65 shots containing bowling events.
Other irrelevant shots are comments, commercials, players’
preparations and players after the shot. An example bowling
shot event sequence is shown in Fig. 5(a). The event usually
consists of the following activities: bowler preparing to release
his ball toward the pins, bowler dropping the ball on the lane,
the ball striking the pins, and finally the camera turning back
to the player.

ICA mixture parameters and HCRF parameters are learned
from one training shot of both events (bowling and irrelevant).
Two hidden states and two mixture components are used in the
experiment. Mixture components of a bowling shot event and
an irrelevant event are shown in Fig. 6(a) and (b), respectively.
The mixture components shown in Fig. 6 provide the possible
feature distribution of these two categories of events in the 2-D
ICA subspace. Note that Fig. 6 demonstrates the video frame
distributions in the 2-D feature space. The axis represents two
most relevant ICA component vectors, namely, IC1 and IC2,
which span the 2-D ICA subspace, i.e., the 2-D the feature
space.

Fig. 7 shows the receiver operating characteristic (ROC)
curves of final event classification using the Gaussian mixture
HMM (blue dashed curve), ICA mixture HMM (red dotted
curve), Gaussian mixture HCRF (green dashed–dotted curve)
and ICA mixture HCRF (black solid curve). The ROC curves

Fig. 6. Two ICA mixture components for a bowling shot event and an
irrelevant event. Axes are two features of compacted ICA feature space.
(a) Bowling shot event. (b) Irrelevant event.

plot the false positive rate versus the true positive rate. It can
be observed from Fig. 7 that the ROC plot of the ICA mixture
HCRF is closest to the upper left corner than those of the
Gaussian mixture HCRF, Gaussian mixture HMM and ICA
mixture HMM. The ICA mixture HCRF model has the highest
overall accuracy of classification among all models.
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Fig. 7. ROC performance of bowling shot classification.

TABLE I

Confusion Matrix for Bowling Event Classification Using the

ICA Mixture HCRF (in Bold) and the ICA Mixture HMM

(in Parentheses)

Bowling shot Other event

Bowling shot
49 16

(36) (29)

Other event
18 149

(21) (146)

Note: Row labels are the true classes and column labels the predicted classes.

TABLE II

Classification Accuracy of Bowling Event Classification

Method Accuracy
ICA mixture HCRF 85.28%
Gaussian mixture HCRF 77.92%
ICA mixture HMM 78.45%
Gaussian mixture HMM 75.86%

The confusion matrix of these two events, using the ICA
mixture HCRF (shown in bold) and the ICA mixture HMM
(shown in parentheses), are given in Table V-A. The rows are
the true classes and the columns are detected classes.

The accuracy is defined as the ratio between the correctly la-
beled events and the total number of events. The classification
accuracy using an ICAMHCRF model is given in Table II. The
performance of the ICAMHCRF is about 7.4% better than the
GMHCRF, 6.8% better than the ICAMHMM and 9.4% better
than the GMHMM.

B. Golf Event Classification

For golf video event classification, a 1-h professional golf
video from the authors of [30] is used. The procedure was
identical to the bowling except that one event consists of three
shots, for fair comparison with the ICAMHMM and better
representation of golf events. Three example events are shown
in Fig. 8. These three events are used for the model training.
The total number of events is 202. It is manually annotated
to three categories, full swing, incomplete swing and other
irrelevant events. The event is very recognizable with recurrent
patterns as in Fig. 8. The golf shot includes activities: player
preparing for the shot, followed by the player hitting the ball,

TABLE III

Confusion Matrix for Golf Event Classification Using the ICA

Mixture HCRF (in Bold) and the ICA Mixture HMM

(in Parentheses)

Full swing Incomplete swing Others

Full swing
33 20 1

(26) (27) (1)

Incomplete swing
16 109 7

(23) (104) (5)

Others
2 8 6

(2) (1) (13)

Note: Row labels are the true classes and column labels the predicted classes.
The ICAMHMM results shown in parentheses for comparison are cited from
[30].

TABLE IV

Classification Accuracy of Golf Event Classification

Method Accuracy
ICA mixture HCRF 73.28%
Gaussian mixture HCRF 64.68%
ICA mixture HMM 70.79%
Gaussian mixture HMM 56.93%

then the camera following the ball quickly. The final scene
features the golf course and/or players with low activity.

The mixture components of a full swing shot, incomplete
swing shot, and other event are displayed in Fig. 9(a), (b) and
(c), respectively. The mixture components shown in Fig. 9
provide the possible feature distribution these three categories
of events in the 2-D ICA subspace. Note that the axis in Fig. 9
represents two most relevant ICA component vectors, namely,
IC1 and IC2, which span the 2-D ICA subspace, i.e., the 2-D
the feature space.

The confusion matrix of these three events, using the ICA
mixture HCRF (shown in bold) and the ICA mixture HMM
(shown in parentheses), are shown in Table V-B. The ICA
mixture HCRF is better than the ICA mixture HMM in both
full swing and incomplete swing classification. However, the
performance of the ICA mixture HCRF is not better than
the ICA mixture HMM for other irrelevant events, because
only one training sample from the other event may not be
representative for the other event class. The reason is that only
one training sample is used here to provide a fair comparison
with results of the ICA mixture HMM presented in paper [30].
Classification performance of golf event classification may be
improved when more training samples are used as will be
shown in the discussion section.

The overall accuracy of the ICAMHCRF is 2.5% better than
ICAMHMM as shown in the third row of Table IV.

C. Ice Hockey Event Classification

Ice hockey event classification was used to test the proposed
model in high activity sports video. A 30-min professional ice
hockey game is used in this paper. The ice hockey video is
divided into 235 video shots. Three events: ice hockey shot,
ice hockey nonshot and other irrelevant. The ice hockey shot
is usually a sequence of frames, which features following
activities: the player catching the puck, the player shooting the
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Fig. 8. Example selected frames of golf events. There are three events, (a) full swing, (b) incomplete swing, (c) other event. (a) Event 1: a full swing shot.
(b) Event 2: an incomplete swing shot. (c) Event 3: other event.

TABLE V

Confusion Matrix for Ice Hockey Event Classification Using

ICA Mixture HCRF (in Bold) and ICA Mixture HMM

(in Parentheses)

shot non shot others

shot
22 3 3

(22) (6) (0)

non shot
15 127 20

(45) (117) (0)

others
25 0 20
(5) (8) (32)

Note: Row labels are the true classes and column labels the predicted classes.
The ICAMHMM results shown in parentheses for comparison.

puck toward the net, the goaltender trying to catch the puck,
the camera focusing on the goaltender or goal net and then the
global situation of the arena. The ice hockey nonshot includes
other activities in a hockey play. Irrelevant event sequences
include commercial advertisements, the scene of audience, etc.
There are 28 hockey shot events, 162 hockey nonshot events
and 45 irrelevant events in the selected video.

The classification confusion matrix of these three events,
using ICA mixture HCRF (shown in bold) and ICA mixture
HMM (shown in parentheses), are shown in Table V-C. The
ICA mixture HCRF is better than ICA mixture HMM in
nonshot event classification. And it is the same as ICA mixture
HMM in shot event classification. However, the performance
of ICA mixture HCRF is not better than ICA mixture HMM
for other irrelevant events. One possible reason is only one
training sample from the irrelevant event may not be repre-
sentative for the irrelevant event class.

Although for high activity video the overall accuracy of
the ICAMHCRF is a little lower than the accuracy with the
ICAMHMM as shown in Table VI, the performance of the

TABLE VI

Classification Accuracy Rate of Ice Hockey Event

Classification

Method Accuracy
ICA mixture HCRF 71.91%
Gaussian mixture HCRF 58.72%
ICA mixture HMM 72.77%
Gaussian mixture HMM 59.15%

new model is still comparable with ICAMHMM model. That
is mainly because the quick activity of ice hockey is reflected
by interactions of hidden states. The complex hidden states and
label interaction does not play the main role. The ICA mixture
HMM captures the main factors in hockey events. To improve
the performance of the ICAMHCRF model for high activity
sports, we may need to include more features or change the
graphical model structure.

D. Discussions

In the above experiment, we only used one training sample
for each event. We test for more training samples for the
ICAMHCRF and the results are summarized in Table VII. As
we can see, by increasing the number of training samples,
the classification performance of the ICAMHCRF may be
slightly increased. This confirmed our assumptions that many
sport video events are well structured in terms of temporal
dynamics. One training sample may very well capture the
temporal dynamics by the ICAMHCRF, but more training
samples can often help to improve the performance if they
are representative enough.

In golf and bowling event classification cases, the new
ICAMHCRF exhibits higher classification accuracy rate than
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Fig. 9. Three ICA mixture components of a full swing event, a incomplete
swing event and other event, in golf video. Axes are two features of compacted
feature space. (a) Full swing event. (b) Incomplete swing event. (c) Other
event.

TABLE VII

Classification Accuracy Rates with Different Number of

Training Samples for ICAMHCRF

Number of training samples Bowling Golf Hockey
1 85.28% 73.28% 71.91%
2 87.88% 71.21% 72.37%
3 86.58% 73.67% 72.94%
4 85.71% 74.12% 72.50%

HMM models, this is due to two main factors. First, the
ICA mixture can approach the non-Gaussian distribution of
compacted features of video frames. As shown in Figs. 6 and
9, a strong non-Gaussian character of compacted video fea-
tures is observed. Second, comparing with HMM the relaxed
assumption of HCRF model is more effective with limited
training data. The feature distribution is characterized by ICA
mixtures and the chain temporal information is captured by
HCRF. The new ICAMHCRF combines the good properties
of the two and shows good performance in two low activity
sports event classification tasks over existing HMM models.
It also shows comparable results for high activity sports video
event analysis. In terms of computational cost, the new HCRF
framework is two times slower than the traditional HMM in
our implementation without optimization. With better approx-
imate training and inference algorithms, the computational
efficiency is expected to be increased for the new ICAMHCRF
model.

Also note that we use the ICA for feature space dimension
reduction instead of the principal component analysis (PCA).
The PCA uses second order statistics and assumes multivariate
Gaussian distributions. It is optimal in terms of the reconstruc-
tion error in the Euclidean space. However, it is difficult to
justify that the color distribution in a video frame is Gaussian
distributed. It is more reasonable to assume that the color
distributions are independent for different objects in a video
frame. We therefore use the ICA for dimension reduction. In
our previous work [6], [30], we also found that ICA features
often perform better than PCA features and produce more
discriminative feature space.

That said, while the main focus and contribution of this
paper is on the new ICAMHCRF model, it is possible to
incorporate other types of features in our ICAMHCRF model
depending on the applications and types of videos. It will be
our future work to find the optimal features for ICAMHCRFs
depending on specific domain applications.

VI. Conclusion

A new ICAMHCRF model was formulated to model com-
plex video temporal dynamics and applied to video event
classification in this paper. With non-Gaussian property, the
local observations of each event category were modeled as
ICA mixtures. By introducing a new kind of feature function
we successfully combined ICA mixture with HCRF. We
specifically applied this new model to sport event classifi-
cation, since sport events often have complex but structured
temporal dynamics. It is proved by experiments with bowl-
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ing and golf event classification that the new model has
better discriminative power than other HMM-based methods
for low activity videos. The results also demonstrate the
advantage of using ICA mixture over Gaussian mixture for
non-Gaussian features. Future work may include extending
the method to multimodality and other kinds of features,
adding links between current observation and other hidden
states and investigating new model structures for high activity
sports and other videos with complex temporal dynamics.
Also, the comparison and evaluation of statistical model based
classification methods and static spatio-temporal feature based
classification methods on different types of video databases
need careful setup and implementations, and are certainly
meaningful and innovative future research work we would like
to pursue.

Appendix A

Training of the HCRF model

The training of HCRF model could be done the same as the
ordinary CRF model except the summation of hidden variables

L(T , θ) =
∑

(x,y)∈T
L(θ|y, x) − ‖θ‖2

2σ2

=
∑

(x,y)∈T
log P(y|x; θ) − ‖θ‖2

2σ2

=
∑

(x,y)∈T
log

∑
h∈H

P(y, h|x; θ) − ‖θ‖2

2σ2

=
∑

(x,y)∈T
log

∑
h∈H exp{�(y, h, x; θ)}

Z(x; θ)

−
K∑

k=1

θ2
k

2σ2
(21)

where we suppose there are K parameters in the penalty
term, − ∑K

k=1
θ2
k

2σ2 , added to avoid overfitting. It includes all
parameters in θ. There are three components of �(y, h, x; θ),
two node terms and one edge term, as in (7), rewritten here

�(y, h, x; θ) =
∑
i∈V

K1∑
k=1

θ1,kf1,k(y, xi)

+
∑
i∈V

K2∑
k=1

θ2,kf2,k(y, hi)

+
∑

(i,j)∈E

K3∑
k=1

θ3,kf3,k(y, hi, hj). (22)

Note that θ = [θk, k = 1, . . . , K] = [θ1,1, . . . , θ1,K1 ,

θ2,1, . . . , θ2,K2 , θ3,1, . . . , θ3,K3 ], where K = K1 + K2 + K3.
To estimate parameters θ, one can take a partial derivative

of L(T , θ) with respect to each parameter θk, k = 1, . . . , K1 +
K2 + K3

∂L(T , θ)

∂θk

=
∂L(θ|y, x)

∂θk

+
θk

σ2
(23)

For the parameter θ1,k only appearing in the node term of
�(y, h, x; θ), the partial derivative is

∂L(θ|y, x)

∂θ1,k

=
∂log

∑
h∈H

exp{�(y, h, x; θ)}
Z(x;θ)

∂θ1,k

=

∂log

∑
h∈H

exp{�(y, h, x; θ)}
∑
y′∈Y

∑
h∈H

exp{�(y′, h, x; θ)}

∂θ1,k

=

∂log
∑
h∈H

exp{�(y, h, x; θ)}

∂θ1,k

−
∂log

∑
y′∈Y

∑
h∈H

exp{�(y′, h, x; θ)}

∂θ1,k

.

(24)

The first term of the above partial derivative is

∂log
∑
h∈H

exp{�(y, h, x; θ)}

∂θ1,k

=
∑
h∈H

⎧⎪⎪⎨
⎪⎪⎩

exp{�(y, h, x; θ)}∑
h∈H

exp{�(y, h, x; θ)}
∂�(y, h, x; θ)

∂θ1,k

⎫⎪⎪⎬
⎪⎪⎭

=
∑
h∈H

{
P(h|y, x; θ)

∑
i∈V

f1,k(y, xi)

}

=
∑
s∈H

∑
i∈V

P(hi = s|y, x; θ) · f1,k(y, xi). (25)

Here s ∈ H is a hidden state and the
∑

s∈H is the summation
of all possible states of hi at site i, i ∈ V .

Similarly the second term of the above partial derivative is

∂log
∑
y′∈†

∑
h∈H

exp{�(y′, h, x; θ)}

∂θ1,k

=
∑
y′∈H

∑
h∈H

⎧⎪⎪⎨
⎪⎪⎩

exp{�(y′, h, x; θ)}∑
y′∈Y

∑
h∈H

exp{�(y′, h, x; θ)}

· ∂�(y′, h, x; θ)

∂θ1,k

}

=
∑
y′∈Y

∑
h∈H

{
P(h, y′|x; θ)

∑
i∈V

f1,k(y′, xi)

}

=
∑
y′∈Y

∑
s∈H

∑
i∈V

P(hi = s, y′|x; θ) · f1,k(y′, xi). (26)

Therefore, the partial derivative of L(θ|x, y) with respect to
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θ1,k is
∂L(θ|x, y)

∂θ1,k

=
∑
s∈H

∑
i∈V

P(hi = s|y, x; θ) · f1,k(y, xi)

−
∑
y′∈Y

∑
s∈H

∑
i∈V

P(hi = s, y′|x; θ) · f1,k(y′, xi)

= g1,k(y, h, x; θ). (27)

Similarly, for the parameter θ2,k only appearing in the node
term of �(y, h, x; θ), the partial derivative is

∂L(θ|x, y)

∂θ2,k

=
∑
s∈H

∑
i∈V

P(hi = s|y, x; θ) · f2,k(y, hi = s)

−
∑
y′∈Y

∑
s∈H

∑
i∈V

P(hi = s, y′|x; θ) · f2,k(y′, hi = s)

= g2,k(y, h, x; θ). (28)

Similarly, for the parameter θ3,k only appearing in the edge
term of �(y, h, x; θ), the partial derivative is

∂L(θ|x, y)

∂θ3,k

=
∑
s∈H

∑
s′∈H

∑
(i,j)∈E

P(y, hi = s, hj = s′|x; θ)

·f3,k(y, hi = s, hj = s′)

−
∑
y′∈Y

∑
s∈H

∑
s′∈H

∑
(i,j)∈E

P(hi = s, hj = s′, y′|x; θ)

·f3,k(y, hi = s, hj = s′)
= g3,k(y, h, x; θ). (29)

Since belief propagation is used in this algorithm, all four
probabilities P(y, hi = s|x; θ), P(hi = s|y′, x; θ), P(y, hi =
s, hj = s′|x; θ) and P(hi = s, hj = s′|y′, x; θ) can be found
straightforward.

Parameters are updated as follows:

θ
(l)
1,k = θ

(l−1)
1,k + μ

∂L(T , θ)

∂θ1,k

∣∣∣
θ=θ(l−1)

= θ
(l−1)
1,k + μ

⎧⎨
⎩

∑
(x,y)∈T

g1,k(y, h, x; θ(l−1)) − θ
(l−1)
1,k

σ2

⎫⎬
⎭

(30)

θ
(l)
2,k = θ

(l−1)
2,k + μ

∂L(T , θ)

∂θ2,k

∣∣∣
θ=θ(l−1)

= θ
(l−1)
2,k + μ

⎧⎨
⎩

∑
(x,y)∈T

g2,k(y, h, x; θ(l−1)) − θ
(l−1)
2,k

σ2

⎫⎬
⎭

(31)

θ
(l)
3,k = θ

(l−1)
3,k + μ

∂L(T , θ)

∂θ3,k

∣∣∣
θ=θ(l−1)

= θ
(l−1)
3,k + μ

⎧⎨
⎩

∑
(x,y)∈T

g3,k(y, h, x; θ(l−1)) − θ
(l−1)
3,k

σ2

⎫⎬
⎭

(32)

where l is the index of iterations, μ is a learning parameter
and θ(l) is the lth estimation of the parameter vector θ.
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