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Abstract In this paper we present a new event analysis framework based on mixture
hidden Markov model (HMM) for ice hockey videos. Hockey is a competitive sport
and hockey videos are hard to analyze because of the homogeneity of its frame
features. However, the temporal dynamics of hockey videos is highly structured.
Using the mixture representation of local observations and Markov chain property of
hockey event structure, we successfully model the hockey event as a mixture HMM.
Based on the mixture HMM, the hockey event could be classified with high accu-
racy. Two types of mixture HMMs, Gaussian mixture and independent component
analysis (ICA) mixture, are compared for the hockey video event classification. The
results confirm our analysis that the mixture HMM is a suitable model to deal with
videos with intensive activities. The new mixture HMM hockey event model could
be a very useful tool for hockey game analysis.

Keywords Event analysis · Mixture hidden Markov model · Finite state machine ·
Independent component analysis · Video content analysis · Hockey video analysis

1 Introduction

In the past several years, the field of multimedia content and computer vision analysis
is dominated by content-based image and video indexing and retrieval systems.
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The goal is to replace the traditional keyword-based system, which has the drawback
of being subjective and inefficient. But most systems have limited performance
by using only low level features such as color, texture, shape and motion. The
fundamental reason is that there is a huge semantic gap between low level features
and high level semantic meanings. An efficient and straightforward way to narrow
the semantic gap is to better understand the image and video content to construct
an appropriate model. Videos have rich structure and information that could be
explored for the usage of indexing and retrieval. The task of video content analysis
and event modeling is to find meaningful structure and patterns from visual data for
the purpose of efficient classification and mining of videos. Many algorithms have
been developed to address the problem. Video event analysis task includes video
parsing, content indexing and content abstraction and representation. Video parsing
is to segment a video to different level of segments. Early work focused on low level
parsing, i.e., the video shot boundary detection [8, 30]. After the shots are segmented,
the next task is to classify these shots into different categories. It is to label the video
shots and give meaningful annotations to these shots. The video event classification
is to classify shots to different events. The event detection in sport video [7, 9] is a
popular research topic in recent years and could be addressed by using non-structural
models such as support vector machine [21] and structural models such as the hidden
Markov model (HMM) [7]. The structural model has the advantage of including the
video temporal dynamics in the modeling process.

The HMM [14, 20] is a widely used structural model in many video analysis
algorithms [1, 2, 4–6, 10–13, 17–19, 22–29]. In [22], a 2D HMM framework is
proposed to model the temporal patterns in video for sports classification problem.
Keyword sequence based highlight detection using HMMs is discussed in [23]. In
[25] unsupervised classification based on color ratio and motion in soccer domain is
discussed and the observation model is Gaussian mixture. In [18] the audio features
such as applause and cheering are modeled using HMMs. In [2], baseball highlights
are modeled by HMMs using various kinds of features. It is extended to maximum
entropy model in [6]. HMMs are also used in other sports domains such as tennis
[12] and volleyball [28]. The hierarchical HMM presented in [19, 25] is complex be-
cause of its tree-like structure, computation burden in implementation, and domain
dependence on the feature space and pre-defined events. In [32], based on the non-
Gaussian property of visual features, the independent component analysis (ICA)
mixture [15] observation model is applied in HMMs for golf video event detection.
Though HMMs are widely used in sports such as soccer and baseball, to our best
knowledge, the HMM has not been used in the ice hockey video applications.

In this paper, we present a mixture HMM framework for event modeling in ice
hockey domain. In [16], finite state machine (FSM) is used to represent the hockey
play for game animation. However, FSM has not been used for hockey event analysis
as far as we know. The HMM is one of the most common types of probabilistic FSM
in practice. It is a transducer-style FSM in which the outputs and the transitions
are modeled by a random process. Encouraged by the animation of hockey using
FSM, we apply the HMM to the event analysis of hockey videos. Detecting hockey
shooting event is very useful because it is a rough indicator of a team’s performance.
The hockey video is seldom used in event analysis. A possible reason is its intensive
activity and homogenous frame color. The hockey is a competitive sport with players
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skating at a speed that could reach 32 km/h. The speed increases the importance of
the individual frame for the video analysis, preventing key frame based algorithms to
be used. Frames in hockey video are very similar to each other. The background
is all white with players exchanging position frequently. We apply the mixture
HMM to model hockey shooting and non-shooting events. The mixture could catch
the distribution of local observations, and the state transition in the HMM could
capture the view changing in hockey scene. The combination of the mixture and
the HMM increases the accuracy of hockey event modeling. We apply the mixture
HMM model to professional hockey game videos to classify hockey video shots to
three classes, hockey shooting, hockey non-shooting and other irrelevant events. The
results confirm our analysis that the mixture HMM model is suitable for hockey event
modeling, and that the ICA mixture HMM is better than the Gaussian mixture HMM
for hockey event modeling.

The main contributions of this paper are as follows.

– Although the HMM has been applied to sports video content analysis in many
literatures, the mixture HMM has not been formulated in detail for supervised
sport video content analysis. This paper formulates the ICA mixture HMM and
the Gaussian mixture HMM in a single mixture HMM framework for hockey
video analysis.

– The comparison between the Gaussian mixture HMM and the ICA mixture
HMM is studied in this paper.

– Hockey videos are less studied in sports event analysis. We apply the mixture
HMM to this kind of high activity video.

The paper is organized as follows. First, the HMM formulation is given for video
event analysis in Section 2. Second, we present the new mixture HMM framework
for hockey video analysis in Section 3. Third, the results are shown to prove
the effectiveness of the new framework with two kinds of mixtures in Section 4.
Finally, we conclude the paper with summaries and possible future research topics
in Section 5.

2 The mixture HMM formulation for video event analysis

The HMM is an extension of Markov chain which finds applications in video event
analysis. For example in the soccer event detection, there are several cameras
working together, but at certain time period only one is used for broadcasting. The
selection of the cameras is hidden to event analysis. The cameras could be at hidden
states in event modeling. It makes less sense to find out all hidden states of the video
because it is troublesome to label all states and the problem could be solved without
knowing the hidden states. The HMM is a sequential model, which has following five
important components.

– The state space H is usually countable. There are N states in our formulation.
The state at time t is ht ∈ H, which is a hidden state in video analysis. Hidden
states are usually chosen to carry physical meanings. For example, in the soccer
event detection, the states could be different camera views.
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– The output observation set X. The element xt ∈ X is a vector which includes
observation features of frame at time t in video analysis.

– A state transition matrix P = {pij}, where pij = P( j|i) is the probability of
transition from the state i to the state j, i, j ∈ H.

– An observation distribution Q = {qhtxt }, where the probability of the observation
given the state at time t is qhtxt = P(xt|ht), xt ∈ X, ht ∈ H.

– An initial state distribution π = (π1, π2, · · · , πN), where πi is the probability of
the state i at the initial time t = 1, i = 1, 2, . . . , N.

Given the elements of the model as above, the probability of observing following
sequence x = [x1, x2, · · · , xt, · · · , xT ] of a HMM model is

P(x) = P(x1, x2, · · · , xt, · · · , xT)

=
∑

h1,...,hT

πh1 P(x1|h1)

T∏

t=2

P(ht|ht−1)P(xt|ht)

=
∑

h1,...,hT

πh1 qh1x1

T∏

t=2

pht−1ht qhtxt . (1)

Mixture model is often used in sport event analysis in observation model qhtxt . The
parameters of the model λ = (P, Q, π) could be learned from a training event using
the expectation maximization (EM) algorithm. Given a new input video event frame
sequence, the probability of it belonging to a model with parameters learned in
training could be computed with forward and backward algorithms [20].

3 A new mixture HMM framework for hockey event analysis

3.1 Hockey shooting events

Ice hockey is a competitive sport usually played on a hockey rink in an arena. There
are altogether six players including one goaltender per side in a normal play session.
Most of time players are skating at a very high speed that could reach as high as
32 km/h. The objective of the game is to score goals by shooting a hard rubber disc
called the puck into the opponent’s goal net. The shooting is made by a long stick
with a blade at one end. We could divide a hockey video into three kinds of events,
the shooting event, the non-shooting hockey event and the commercials. A hockey
shooting is defined as a scoring attempt, which is directed on the opponent’s goal
net, resulting in a goal or requiring the goaltender to make a save. Because a count
of how many shootings are taken by a team is often used as a rough guide to which
team is being more aggressive and dominant, the automatic detection of hockey
shooting events is a very useful application for coaching and analyzing the game.
Because of the similarity in background color, the traditional non-structural models
without temporal graph information could not have the same kind of performance
as structural models such as HMM [7]. We use the views as hidden states in HMM.
The hockey video events usually contain two kinds of views, global view and close-
up view, which could be used as states in our event modeling as shown in Fig. 1. The
two views are reflected in features as shown in an example features of one hockey
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Fig. 1 The state transition illustration of hockey event analysis and example state images

shooting event, Fig. 2. The global views show the global situation of the play. The
close-up views are the zoom-in views of certain activity such as goal and players.
Though the states are hidden, they carry clear physical meanings. The hidden states
do not need to be found explicitly. They are used implicitly in HMM training and
testing process.

3.2 Hockey event modeling and detection with mixture HMM

As discussed in Section 2, the mixture HMM could be applied to sport event analysis.
We develop a new framework of hockey shooting analysis as shown in Fig. 3. First,
the video features are extracted for each frame of hockey video event. The features
could be further processed by principal component analysis (PCA) or ICA to reduce
the dimension. The difference between hockey and other sports event detection task

Fig. 2 The feature illustration
features of two states of a
hockey video shooting. The
two axes are two features. One
point denotes a frame in shot
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Fig. 3 The new mixture HMM
based hockey video event
analysis procedure

is the features of each individual frame are used since the speed of players and
cameras following them. Second, the parameters of the HMM and mixtures of each
kind of event are learned from training videos. Typical events in this stage should
be selected to have desire parameters. Third, the probabilities of all events in the
video belonging to the three models are computed. The highest likelihood score of
the three are the most likely class for the test event.

3.3 Mixture HMMs and parameter learning

A mixture HMM is an HMM with a mixture observation model. The observation
distribution Q = {qht xt } needs to be determined before the model could be used in
ice hockey. Two specific mixtures are tested and applied in our new framework, the
Gaussian mixture and the ICA mixture. The mixture model is

qhtxt = P(xt|ht = j)

=
K∑

k=1

P(xt|C jk; θ jk)P(C jk), (2)

where C jk indicates the k-th mixture component of the hidden state j, P(C jk) is the
mixture coefficients and P(xt|C jk; θ jk) is the probability of xt for the hidden state ht =
j and component C jk. The parameters of P(xt|C jk; θ jk) are denoted by θ jk. Note that
we suppose the hidden state ht = j to be consistent with conventional formulation
which will not affect the calculation.
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There are two kinds of mixture distributions P(xt|C jk; θ jk) as follows.

– For Gaussian mixture, the probability P(xt|C jk; θ jk) follows multivariate
Gaussian N (xt|μ jk,� jk) distribution,

P(xt|C jk; θ jk) = 1

(2π)D/2�
1/2
jk

· exp{−1

2
(xt − μ jk)

′�−1
jk (xt − μ jk)}. (3)

Here the parameters are mean and covariance θ jk = [μ jk,� jk] and D is the
dimension of the observation xt.

– In ICA mixture the observation xt could be expressed as follows,

xt = M jks jk + μ jk xt ∈ Ck, (4)

where M jk is mixing matrix, μ jk is the bias and s jk is independent sources for
k-th component of the mixture. The probability of observation xt could be
expressed as

P(xt|C jk; θ jk) = exp(log P(s jk) − log(det {M jk})). (5)

Here the parameters θ jk include the bias μ jk, the mixing matrix M jk and the
parameters of independent component P(s jk). det{·} denotes the determinant
of a matrix. The number of ICA mixture parameters depends on the choice of
independent component distribution.

In the mixture HMM model, the parameters of both the mixture θ jk, P(C jk) and
HMM λ could be learned using EM algorithm iteratively [20, 32]. The forward
variable αt(i) and backward variable βt(i) are defined as follows,

αt(i) = P(x1, · · · , xt, ht = i|λ), (6)

βt(i) = P(xt+1, · · · , xT , |ht = i,λ). (7)

Based on the variable αt(i) and βt(i), three probabilities of joint probabilities, used in
the iterative calculation processes, are defined as

ξt(i, j) = αt(i)pijβt+1( j)q jxt+1∑N
j=1 αt( j)βt( j)

, (8)

γt(i) = αt(i)βt(i)∑N
j=1 αt( j)βt( j)

, (9)

γt( j, k) = γt( j) · P(xt|C jk; θ jk)P(C jk)∑K
k=1 P(xt|C jk; θ jk)P(C jk)

. (10)

The formula (8) defines the conditional probability of state transition from
state i at time t to state j at time t + 1 given the observation sequences x =
[x1, x2, . . . , xt, . . . , xT ] and the parameters of the model λ. γt(i) is defined as the
conditional probability of being in state i at time t given observations x and para-
meters λ [20]. γt( j, k) is the generation of γt( j) for non-Gaussian mixture observation
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model [32] and denotes the conditional probability of being in state j at time t given
the k-th mixture component accounting for xt.

The re-estimation formulae for the parameters are shown in Table 1. Other
parameters of ICA mixture could be re-estimated using the standard ICA mixture al-
gorithm presented in [15]. During the training process, the parameters λ, θ jk, P(C jk)

are learned for each event.
In the hockey case, there are three sets of parameters corresponding to shooting,

non-shooting and other events. Based on these parameters the probability of each
input sequence belonging to certain event could be calculated using standard forward
procedures as follows,

– Initialization:

α1(i) = πiqix1; (11)

– Induction:

αt+1( j) =
[

N∑

i=1

αt(i)pij

]
q jxt+1; (12)

– The probability:

P(x) =
N∑

i=1

αT(i). (13)

The sequence with the highest probability is the event that the input sequence most
likely belongs to.

Table 1 The re-estimation of parameters of Gaussian and ICA mixture HMM

Gaussian mixture HMM ICA mixture HMM

πi
∗ = γ1(i) πi

∗ = γ1(i)

pij
∗ =

∑T−1
t=1 ξt(i, j)

∑T−1
t=1 γt(i)

pij
∗ =

∑T−1
t=1 ξt(i, j)

∑T−1
t=1 γt(i)

P(C jk)∗ =
∑T

t=1 γt( j, k)
∑T

t=1
∑K

k=1 γt( j, k)
P(C jk)∗ =

∑T
t=1 γt( j, k)

∑T
t=1

∑K
k=1 γt( j, k)

μ∗
jk =

∑T
t=1 γt( j, k)xt∑T

t=1 γt( j, k)
μ∗

jk =
∑T

t=1 γt( j, k)xt∑T
t=1 γt( j, k)

�∗
jk =

∑T
t=1 γt( j, k)(xt − μ jk)(xt − μ jk)t

∑T
t=1 γt( j, k)

�M jk ∝ P(xt|C jk; θ jk)P(C jk)
∑K

k=1 P(xt|C jk; θ jk)P(C jk)

∂

∂ M jk

log P(xt|C jk; θ jk)

The superscript ∗ denotes that the variable should be estimated iteratively
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4 Experimental results

Mixture HMMs are applied to ice hockey video content analysis tasks. Two kinds
of mixture methods, Gaussian mixture and ICA mixture are compared by the
classification accuracy of ice hockey event. Note that choosing the number of mixture
components of mixture HMM is non-trivial. However it could be optimized using
training or validation sets.

4.1 Event detection in ice hockey video

A 30-min professional ice hockey TV program is used in this study. The hockey video
is first segmented to shots using independent component analysis (ICA) as in [31,
32]. The 256 bin illumination-invariant color histogram features [3] are extracted for
each frame. These features are projected into a compact two-dimensional feature
vector using ICA. The cuts and gradual transitions detection is performed on this
ICA subspace using an iterative clustering algorithm based on adaptive thresholding
as in [31]. Second, the compact two-dimensional feature vectors are used as original
features in HMM. The ice hockey video is divided into 235 video shots. Three events:
ice hockey shootings, ice hockey non-shootings and other irrelevant events. The ice
hockey shooting is usually a sequence of frames, which features following activities:
the player catching the puck, the player making a shot by hitting the 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. Irrelevant event sequences include
commercial advertisements, the scene of audience, etc. Example event sequences
are shown in Fig. 4. There are 28 hockey shooting events, 162 hockey non-shooting
events and 45 irrelevant events in the selected video.

(c) Event 3: other event

(b) Event 2: a hockey non  shot event

(a) Event 1: a hockey shot event

Fig. 4 An example for three ice hockey events. a hockey shooting; b hockey non-shooting; c other
event
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Fig. 5 Left column: the ICA mixture components for three events (upper: ice hockey shooting event;
middle: ice hockey non-shooting event; lower: other event). The axes are two features of compact
feature space. Right column: the HMM state sequence for three events (upper: ice hockey shooting
event; middle: ice hockey non-shooting event; lower: other event). There are two hidden states: global
view and close-up view
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Two hidden states, global view and close-up view, are used in this study. Assuming
the independent sources of all components of the mixture are Laplacian distributed
in the ICA mixture model, the mixture parameters and HMM parameters are learned
from one training shot of each event. The training data is one shot from each type
and the testing data are all the remaining shots. Then for each testing video shot, the
likelihood probabilities of three events are calculated using estimated ICA mixture
and HMM parameters, and used for the event classification.

The mixture components and their state transitions of three example events are
shown in the left and right column of Fig. 5, respectively. The mixture components
shown in Fig. 5 provide the possible feature distribution of the three categories
of events: ice hockey shooting (upper), ice hockey non-shooting (middle), and
irrelevant (lower), in the ICA subspace. The feature similarity of hockey shooting
and non-shooting events can be observed from Fig. 5. Without graph structure
included in the model, it is difficult to discriminate two events. One solution is to
include temporal dynamic information, which can be captured by the HMM.

The state transitions of example event sequences shown in the right column of
Fig. 5 represent the view changing properties of these three categories of events. The
hockey shooting event features following states, a global view of the activity that a
hockey player shots the puck, a close-up view of the puck and the goal tender and
then a global view of the players. The non-shooting events, with cameras focusing
on global situation of the game and specific events or players alternatively, have
more frequent view transitions than the shooting events. The state transitions of the
commercial events, as shown by the lower-right plot in Fig. 5, indicates a random
view changing property that is not found in hockey shooting and non-shooting
events.

The confusion matrices of these three events, using the ICA mixture HMM
(shown in bold) and Gaussian mixture HMM (shown in parenthesis), are given in
Table 2. The rows are the true classes and the columns are detected classes. It can be
observed that many non-shooting events are classified to shooting events mistakenly,
and some shooting events are classified to non-shooting events mistakenly. This may
be caused by the feature similarity of these two events as observed from Fig. 5. It
might be improved by applying more features, such as the motion vector and other
modalities (audio, caption, etc.).

The ice hockey event detection accuracy of the ICA mixture HMM and the
Gaussian mixture HMM are compared in Table 3. The accuracy is defined as the
ratio between the number of correctly labeled events and the total number of events.

Table 2 The confusion matrix for hockey event classification using the ICA mixture HMM (in bold
fonts) and the Gaussian mixture HMM (in parenthesis)

Shooting events Non-shooting events Others

Shooting events 22 (20) 6 (8) 0 (0)
Non-shooting events 45 (57) 117 (104) 0 (1)
Others 5 (2) 8 (28) 32 (15)

The rows are the true classes and the columns are detected classes



Multimed Tools Appl

Table 3 The accuracy of ice
hockey event classification

Method Accuracy (%)

ICA mixture HMM 73.01
Gaussian mixture HMM 59.15

The performance of the ICA mixture HMM is about 14% better than the Gaussian
mixture HMM.

In both mixture HMM models, the hidden Markov modeling exhibits reasonable
accuracy for hockey shooting event modeling. There are several reasons. First, the
local observations of the ice hockey frames could be described by mixture models.
With fewer mixture components, the ICA mixture HMM is better than the Gaussian
mixture for local observation modeling. Second, the temporal view changing process
can be modeled as a hidden Markov process. The two view types are the hidden
states. The feature distribution is characterized by a mixture model and the chain
temporal information is captured by HMM. The new framework combines the
good properties of the two and shows good performance in ice hockey event
detection.

5 Conclusion

An event analysis framework based on mixture HMMs is presented for ice hockey
shooting event detection. Hockey domain knowledge is applied to find a suitable
hockey event model. According to the view changing properties of hockey shooting
that can be modeled by FSMs, we apply mixture HMMs with hidden view states to
model hockey shooting events. We compare two kinds of mixture HMMs, Gaussian
mixture HMMs and ICA mixture HMMs. The experimental results show that the
ICA mixture HMM performs better than the Gaussian mixture HMM for hockey
event detection. The results confirm our analysis that mixture HMM is a suitable
hockey shooting event detection model. The presented new mixture HMMs based
event detection method is a generic framework, which can be applied to content
analysis of other competitive sports. Future work includes investigation of other
relevant features, e.g., audio features, multi-modality HMMs, and finer classification
for hockey events and other types of sports. Since many types of video events
have similar FSM structure, the new framework may also find applications in video
content analysis tasks other than sports.
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