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ABSTRACT

In this paper, a framework that combines feature extraction,
model learning, and likelihood computation, is presented for
video event detection. First, the independent component analy-
sis (ICA) is applied to the raw feature space to extract the
spatial features. Then, a framework based on ICA mixture
hidden Markov models (ICAMHMM) is used to exploit the
spatial and temporal characteristics of the training data. After
the model is learnt, the likelihood for a given video sequence
is computed and then used to classify the video into a seman-
tic event. Golf video sequences are used for simulations. The
results show that the proposed method can effectively detect
semantic video events.

Index Terms - Video event detection, independent com-
ponent analysis (ICA), hidden Markov model, ICA mixture,
feature extraction, semantic analysis

1. INTRODUCTION

For the past few years there has been an increased interest in
semantic event detection and recognition from video. A se-
mantic video event can be described by the low-level features.
To bridge the semantic gap, new tools and models need to be
developed. Several directions have been studied recently. One
direction is to represent the high-dimensional video data in a
compact representation, and thus make it possible to index,
analyze and retrieve the elements efficiently. In [1], principal
component analysis (PCA) is used to reduce the dimension of
features of video frames, and two applications were demon-
strated. One is the high-level scene analysis, and the other
is the sports video classification. On the other hand, other
researchers are utilizing new models to analyze the seman-
tics from video. In [2], hidden Markov modeling (HMM) is
used to detect play and break event for soccer video. Domi-
nant color ratio and the magnitude of the motion vectors are
used as features. The observations are modeled as a mixture
of Gaussians with two mixtures per state. The sequences are
segmented by computing the maximum likelihood to classify
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the video segments. In [3], HMM and audio features are used
to classify TV programs into commercial, basketball, foot-
ball, news and weather video. In [4], MPEG-7 audio features
and entropic prior HMM models are used to recognize com-
mon audio events such as applause and cheering.

Most existing HMM-based video analysis systems mainly
focus on video classification tasks. In [2] and [5], hierarchi-
cal HMM structures are used to model the events. However,
the tree-like hierarchical HMM is a powerful model but may
be complex in practice. Other HMM based solutions gen-
erally use domain dependent features and knowledge to im-
prove performance.

In this paper, we develop a generic 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 efficient way is crucial for recognition systems. In
our previous work [6], we proposed a compact feature space
to represent video data based on the independent component
analysis (ICA). The new representation makes it easier to ana-
lyze the dynamics and characteristics contained in video data.
In the feature space, we develop a new statistical modeling
by combining ICA mixture model and HMM modeling [7].
Note that ICA techniques are used twice in the new method.
At the feature extraction step, ICA is used as a preprocess-
ing filter to decompose the video signals. During the mod-
eling step, ICA mixture model are integrated into the 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 a stochastic process and it
has already been widely and successfully used in the pattern
recognition community. Simulation results show that these
structures are good enough to model the semantic events. In
the HMM modeling, each semantic event is described by one
HMM model, and its parameters are learnt through the train-
ing sequences. The maximum likelihood criterion is used to
evaluate how well an unknown video segment matches the
model. Sequences with larger likelihoods are considered to
be more likely to contain the pre-defined semantic events. As
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a case study, golf video sequences are used to test the effec-
tiveness of the proposed algorithm. Differently from football,
soccer, and tennis video, golf video has not been well ana-
lyzed in the literature. The content analysis and the event de-
tection in golf domain could provide potentials applications
for home video and entertainment.

2. FEATURE EXTRACTION

In this paper, we use the frame-level global features to analyze
the content. However, the proposed framework can be easily
extended to incorporate local features, such as object based
features, to analyze the events which are associated to the
specific video objects. Illumination change is an important
factor that affects the performance of content based analysis
of video data. To reduce the lighting effects, we choose the
normalized chromaticity histograms [8] as the color features.
The (r, g) is defined as,

r = R/(R + G + B), g = G/(R + G + B). (1)

Histograms with 256 bins are generated as features in the nor-
malized chromaticity color space for each video frame. The
dimension of the feature vector for each video frame is 256.
In our algorithms, the proposed feature extraction proposed
is applied 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 functions. The ICA
model assumes that the observations are a linear combina-
tion of statistically independent sources. The illumination in-
variant histograms are used as the input signal. We denote
x,tt = 1, ... ,T as the input signal, and ot,t = 1, ..., T as
the output signals ofICA learning model, where T is the num-
ber of video frames. The ICA learning model is defined as

ot = W x t = W M St, (2)

where W is the filter matrix, M is the mixing matrix, s t is the
statistically independent sources, and ot is considered as re-
covered 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 most two signif-
icant ICs as the new features instead of the basis functions.
Thus, the observation feature space is reduced from high-
dimensional to 2-dimensional.

3. ICA MIXTURE HIDDEN MARKOV MODELS

The generated features in the previous step are considered
observations. Let qt be the hidden state at time t, the pro-
posed non-Gaussian mixture observation model that brings

ICA mixture model into HMM framework to capture the non-
Gaussian structures can be represented as follows [7]

K

bqt(o) = >p(o CCqtk,Oqtk) P(Cqtk),
k=l

(3)

where o is the vector being modeled, P(Cq,k) is the class
probability to the k-th class, and p(O Cq,k, Oqtk) is a non-
Gaussian probability density function that describes the sta-
tistics of the observations for the k-th class at time t, given
the state at time t is qt, where Oqtk represents the parameters
of the densities in state qt.

To derive the non-Gaussian mixture component in (3) in
a parametric form, we use the ICA mixture model. The ICA
mixture model, originally proposed by Lee and Lewicki [9],
assumes that the observed data 0 = 01, .. ., OT are drawn
independently and generated by a mixture density model. The
likelihood of the data is given by the joint density:

T

P(°l, 02, ..* * OT (9) = flP(°t (9)
t=l

The mixture density is:
K

p(O e) = Ep(O Ck, Ok)p(Ck),
k=l

(4)

(5)

where e = (01,.. . ., Ok) are the unknown parameters for each
P(Ot Ck, 0). Ck denotes the class k and K is the number of
classes. Then the data in each class are described by:

(6)
where Mk is a square basis matrix for the k-th class, and Auk
is the bias vector for class k. The task is first to classify the
unlabeled data points into one of the K classes, and then to
determine the parameters for each classes. The parameters
include (Mk, Pk) for the k-th class, and the class probabil-
ity p(Ck oot, 0) for each data point. Thus, the ICA mixture
based HMM (ICAMHMM) framework with N hidden states
and K mixture components for each state has the following
model parameters:

A= (A,C,u,M,7), (7)
where A = {aij }, 1 < i, j < N is the transition matrix, and
C {P(Cjk)}, 1 < j < N, 1 < k < K is the mix-
turematrix;,u {ujkc}' 1 < <N,1 <k < Kis themean
coefficients for the mixture densities, where Ijk is the L-
dimensional mean vector for the k-th mixture component at
state j;M = {Mjk}, 1 < <N,1 < k < K is the ICA ba-
sis coefficients, where Mjk is the L x L basis matrix for the
k-th ICA source at state j, and = {wi}, 1 < i< N, is the
initial state distribution. Note that C, p, andM are essentially
the parameters for the modeling of the observation distribu-
tions in parametric form. Learning rules have been derived to
estimate the model parameters based on the training data.
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4. LIKELIHOOD COMPUTATION AND EVENT
DETECTION

The likelihood computation is also developed as follows:
1)Initialization:

K

ag (i) = iE P(Cik) exp(10gP(si,k, 1)-log(det Mik ))
k=1

('

2)1nduction:

N

et+i() [Zet (i)aiji
i=l

K

, P(Cjk )exp(10gp(,sj,ku,t+l )-log(det |Mjk |)); (9)
k=1

3)Termination:

N

P(O A) = EZaT(r),
i=l

(10)

where I < i< N, and < t < T -1.
Note that the above iteration procedure only gives one

likelihood value for the observation 0, given the model pa-
rameters. For D events, we need to calculate D likelihood
values given all the model parameters. The one with the max-
imum likelihood value is considered as the detected event.

5. EXPERIMENTAL RESULTS

In the experiment, one hour golf video is captured from TV.
The video data is encoded in MPEG-I format with a frame
rate of 29.97 fps. The video contains different lighting condi-
tions, multiple views in one window, and quick camera mo-
tions. Compared with the surveillance or traffic video with
relatively static background, this golf video data is a chal-
lenge to analyze. Even though the video contains many dy-
namics, some recurrent patterns are still recognizable by hu-
man 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: "full-swing", "non-full-swing", and
"irrelevant 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 fair-
way shots and bunker shots, and generally the ball does not
fly very high. The irrelevant event includes all other scenes
such as the invited talk, the scene of the audience, etc. Fig. 1,
2 and 3 illustrates these three types of events, respectively.

Three video sequences (Training sequence 1, 2, and 3)
which contain different events are used as the training data.
The goal is to detect which event an unlabeled video sequence
might belong to. After the training, we use the rest of golf
video data as the test sequences to verify the proposed event
detection algorithms. All test sequence are manually anno-
tated and classified into one of the three events. The ground
truth information is shown in Table 1. The event detection

S) results are shown in Table 2. Fig. 4 shows the feature space
distribution pattern of training sequence 1 and Fig. 5 shows
the feature space pattern of a detected full-swing event. To
evaluate the performance of the proposed event detection al-
gorithm, we introduce a detection rate

Ncorrect
D= '

Ntotai (1 1)

where Ncorrect is the number of correctly detected events, and
Ntotai is the number of total events. The overall detection rate
for the proposed framework is 70.79%.

6. CONCLUSIONS

In this paper, a new video event detection framework based on
ICAMHMM is proposed to analyze the content of video. The
observation densities ofHMM are modeled by non-Gaussian
mixtures and each non-Gaussian mixture density is learned
by the standard ICA. The spatial statistics are explored by
the ICA mixture model and the temporal characteristics are
captured by HMM state transitions. We introduce a super-
vised learning for video event detection and recognition, and
then apply it to golf video to detect three different semantic
video events. Each event is described by one HMM model.
During the evaluation period, the model that gives the maxi-
mum likelihood for the test sequence is considered as the de-
tected event. The experimental results show that the presented
method can effectively detect and recognize the recurrent pat-
terns in the video data.

Fig. 1. Event 1: Video pattern for a tee shot with full swing.

Fig. 2. Event 2: Video pattern for a fairway shot.
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Table 2. Event detection results.

Fig. 3. Event 3: Irrelevant events such as talks and interviews.

Event 1 51
Event 2 132
Event 3 19

Total events 202
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