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ABSTRACT
In this paper we describe a framework of analyzing programs belonging to different TV program genres using Hidden
Markov Models and pseudo-semantic features derived from video shots. Clustering using Gaussian mixture models
is used to determine the order of the models. Results for initial genre classification experiments using two simple
features derived from video shots are given.
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1. INTRODUCTION
With the proliferation of video material, it has become important to be able to automatically analyze and index
video data and retrieve its relevant parts. Consequently, there has been a great interest in designing and building
systems that organize and search video data based on its content.1 It is evident that, for an information source
as rich as video, efficient indexing and retrieval require some form of automatic analysis of semantic content. Since
the smallest meaningful unit of video is the shot, this may be achieved by giving semantic labels to the shots. The
purpose of semantic labeling of a shot is to classify or label the shot using a high level semantic description. True
semantic labels such as “young girl running,” “blue dress,” and “park scene” characterize a shot based on its content.
Ideally, such semantic labels might provide the most useful descriptions for indexing and searching video databases.
Currently, however, automatic extraction of such truly semantic features is not possible. One way to circumvent this
problem is to define features that correlate well with high level semantic labels and hence are useful in bridging the
gap between low-level image features and semantic labels. We call such features pseudo-semantic features.
Previously we have described an integrated video database system known as ViBE (video indexing and browsing
environment) for managing large amounts of video.2–5 In ViBE a variety of algorithms and techniques for processing,
representing, and managing video are tightly integrated into a single system which can be scaled to large database
sizes and extended to a wide variety of functionalities. Figure 1 illustrates the four major components of ViBE: shot
boundary detection, hierarchical shot representation, pseudo-semantic shot labeling, and active browsing.
In this paper we will concentrate on the pseudo-semantic shot labeling component ofViBE system. We will
describe initial experiments in using low level image features derived from the compressed video stream to generate
pseudo-semantic labels for shots. We will also investigate the use of a Hidden Markov Model (HMM) based approach
to building stochastic models for different types of program genres such as soap operas and talk shows. These models
can be used both to classify sequences into different program genres and to analyze their structure.
HMMs are versatile tools to analyze time series whose statistical properties may change with time. Their applications range from spoken word recognition6 to analysis of DNA sequences.7 In a HMM an underlying and unobserved
sequence of states follows a Markov chain with finite state space, and the probability distribution of the observation
at any time is determined only by the current state of that Markov chain.8
Recently a number of researchers have applied HMMs to different aspects of the video analysis task. Boreczky
and Wilcox9 used a HMM trained on audio features in addition to the motion features derived from adjacent frames
to detect shot boundaries. Eickeler and Muller10 use image features derived from difference images to train a HMM
which in turn is used both to detect shot boundaries and classify types of shots for news sequences. Using shot labels
such as medium shot or close-up, Wolf11 has trained a HMM to detect dialogs in video sequences. Liu et al12 have
used various features derived from audio to classify TV programs using a discrete HMM.
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Figure 1. A schematic view of the ViBE system

2. EXTRACTION OF PSEUDO-SEMANTIC FEATURES
As pointed above, we want the pseudo-semantic features derived from a shot to correlate well with the semantic
labels. On the other hand, we do not want the features to be complex, they should be easily derivable from the
compressed video stream with reasonable computational burden. In ViBE pseudo-semantic shot labeling is performed
as follows: First the DC sequence is extracted from the compressed video sequence. The DC sequence is formed from
the DC coefficients of the DCT used in MPEG. While the DC coefficients are directly available for I frames, they
must be estimated for P and B frames. We have used the method described in13 for estimating the DC coefficients.
The shot boundaries are determined using a regression tree classifier as described in.14
After shot boundaries are determined, a number of pseudo-semantic features are extracted from each shot in a
video sequence. We have been experimenting with a number of such features such as “face” and “indoor-outdoor” for
a shot,2 .15 However, for this paper, we shall report results for two simpler features: the length of the shot and the
average number of macroblocks with motion vectors within the shot. The shot length feature is an indication of the
editing pattern used in the video sequence which is different for different video genres. The number of macroblocks
with motion vectors is a rough indication of the amount of motion taking place within frames. Note that even if
there is little motion, if te image content contains textures which are fairly uniform we can get a lot of macroblocks
with motion vectors dur to the block matching process in MPEG coding. Shot length and some indication of average
shot activity have been shown to be useful in discriminating between different types of movie trailers.16
Let bn and en denote the start and end frame numbers of the nth shot in a video sequence. The components of
the feature vector, Yn , for this shot are then defined as
Yn1

=

bn
X
1
mk
en − b n + 1

(1)

k=en

Yn2

= en − b n + 1

(2)

where mk = (# forward MB)+(# backward MB)+2(# forward-backward MB) for the k th frame for P and B frames
and is zero for I frames.
We call the sequence of vetors Yn the pseudo-semantic trace for the video sequence. The components of the
pseudo-semantic trace for a sequences from three different program classes are plotted in Figure 2.

3. FEATURE CLUSTERING AND DETERMINATION OF MODEL ORDER
After the feature vectors are extracted from each shot, they are modeled using a Gaussian mixture model. We use
an agglomerative clustering algorithm to estimate the parameters of the Gaussian mixture model and the number of
clusters from training data. The estimated number of clusters is then taken to be the order of the HMM to be built,
as described in Section 4.
Let Y1 , Y2 , . . . , YN be N feature vectors derived from the shots in the training set which are assumed to belong to
K clusters. Furthermore, assume that the the random variables X1 , X2 , . . . , XN , denote the clusters that the feature
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Figure 2. Components of the pseudo-semantic traces for sequences from three different program classes. (a) Lengths
of shots in frames. (b) The average number of macroblocks with motion vectors in a shot.

vectors belong to. Then, assuming that each cluster has a multivariate Gaussian distribution, the probability density
function for the feature vector Yn given that it belongs to the k th cluster is given by


1
1
−1/2
T −1
pyn |xn (yn |k, θ) =
|Rk |
exp − (yn − µk ) Rk (yn − µk )
(3)
2
(2π)M/2
where θ = (π, µ, R) is the complete set of parameters, M is the dimensionality of the feature vectors, and µk and
Rk are the mean vector and covariance matrix for cluster k, respectively. The log-likelihood for the entire sequence
Y = {Yn }N
n=1 may then be written as
!
N
K
X
X
log
pyn |xn (yn |k, θ)πk
(4)
log py (y|K, θ) =
n=1

k=1

where πk is the probability that Yn belongs to cluster k. The parameters θ can then be estimated using the maximum
likelihood (ML) estimate given by
θ̂ML = arg max log py (y|K, θ)
(5)
θ

It is not possible to estimate the number of clusters, K, using a similar approach. The ML estimate for K is
not well-defined because the likelihood may always be made better by increasing the number of clusters. Methods
for estimating model order generally generally require the addition of an extra term which penalizes over-fitting of
higher order models. One such technique is to minimize the Akaike Information Criterion 17
AIC(K, θ) = −2 log py (y|K, θ) + 2L

(6)

where L is the number of real valued numbers required to specify the parameters of the model, θ. In our case, we
have
M (M + 1)
L = K(1 + M +
)−1
(7)
2
Unfortunately the above criterion does not lead to a consistent estimator. We have used another criterion, called the
minimum description length (MDL) criterion,18 which has better asymptotic convergence properties and is defined
as
1
M DL(K, θ) = − log py (y|K, θ) + L log(N M )
(8)
2
The minimization of the above criterion is performed iteratively using the expectation-maximization (EM) algorithm. We start with a high number of initial clusters, usually 2-3 times the expected number of clusters, and at
each step merge those clusters which cause the maximum decrease in the MDL criterion. This process is continued
until only one cluster is left. Then, the number of clusters for which the minimum value of MDL was achieved is
chosen as the estimate of the number of clusters.
The feature vectors for all shots in the database are plotted in Figure 3 together with the mean vectors of
the Gaussian mixtures estimated by the clustering procedure described above. The estimated probabilities for the
clusters are shown next to the means.

4. BUILDING HIDDEN MARKOV VIDEO GENRE MODELS
The Gaussian mixture densities found above may directly be used to build HMMs with continuous observation
densities.6 However, we have chosen to use HMMs characterized by discrete observation symbols chosen from a
discrete alphabet. In this case, the symbol densities for each state will be discrete. A discrete-valued HMM is
characterized by the following parameters
1. N , the number of states in the model. The state at time t is shown by qt ∈ {S1 , . . . , SN }.
2. M , the number of distinct observation symbols per state. Individual symbols are denoted as V = {v1 , . . . , vM }.
3. A = {aij }, the state transition matrix, where aij = P (qt+1 = Sj |qt = Si ).
4. B = {bj (k)}, the observation symbol probability distribution in state j, where bj (k) = P (vk at t|qt = Sj ).

5000

2000
0.046

4500
4000
1500

3000

shot length

shot length

3500

2500

1000

2000
0.166

1500
500
1000

0.209
0.158

500
0
200

250

300

350
400
average shot activity

450

500

0
200

250

(a)

300

0.206

350
400
average shot activity

0.215
450

500

(b)

Figure 3. (a) Two dimensional feature vectors for all the shots in the database. (b) The mean vectors for the
Gaussian mixtures estimated using the clustering procedure. The estimated cluster occurrence probabilities are
shown next to the means.
5. π = {πi }, the initial state distribution, where πi = P (q1 = Si ).
The notation λ = (A, B, π) is used to refer to the model.
The type of the HMM also needs to be chosen. One possibility is to use an ergodic or fully connected HMM, for
which aij > 0 for all values of i and j and hence every state can be reached from any other. Another model, which
is widely used in speech recognition, is the left-right model which has the properties that aij = 0 for j < i, i.e., no
transitions are allowed to states whose indices are lower than the current state, and that the the sequence always
starts in state 1 and ends in state N . In10 a left-right HMM was used to segment and classify semantic components
of news programs. However we agree with12 in that an ergodic model may be more suitable for modeling video
programs because they generally exhibit recurring characteristics. Hence, we have used an ergodic HMM for genre
modeling.
We use the clustering scheme of Section 3 to estimate both the number of symbols and the order of the HMM,
i.e., we take N = M = K̂ where K̂ is the estimated number of clusters. From Figure 3 we see that K̂ = 6 with one
of the clusters being very unlikely to occur. Note this value of the order of the HMMs to describe video sequences
from different genres agrees very well with the value found in12 which was derived using ad hoc considerations of
classifier accuracy.
The symbol corresponding to each shot is determined by the cluster the shot feature vector is most likely to
belong, that is, given the feature vector, Yn , for the shot we determine the corresponding symbol, vn , using
vn = arg max pyn |xn (yn |k, θ)

(9)

k∈[1,K̂]

After the symbol sequences are obtained for all the shots in the training set we train a HMM for each video genre
using the shots in the training set belonging to that genre.
The models thus obtained are used to classify a given sequence to one of the genres. Given HMMs for the L
genres, λ1 , . . . , λL , a new sequence, with pseudo-semantic trace Y1 , . . . , Ym , is classified by choosing the model that
is most likely to produce the given sequence. This is accomplished by first converting the feature vectors of the
sequence to discrete symbols using Equation 9 and then estimating the probabilities p(v1 , . . . , vm |λi ) for all genres
by using the forward-backward procedure.6 The decision rule then becomes
genre of S = arg max p(v1 , . . . , vm |λi )
i∈[1,L]

5. RESULTS
5.1. The Experimental Data Set
All sequences in our database have been digitized at a rate of 1.5 Mb/sec in CIF format, i.e., 352×240 using MPEG-1
compression. Commercials in the sequences, if they exist, were edited out. The locations of all the shot transitions in
these sequences were recorded by a human operator. These 27 sequences are distributed among six program genres
as follows:
• Soap operas (6 sequences, 415 shots). Two episodes from The Young And The Restless and As The World
Turns each, one episode from The Bold And The Beautiful and Guiding Light, These consist mostly of dialogue
with cut transitions between them and have little camera motion.
• Talk shows (7 sequences, 447 shots). One sequence from The Rosie O’Donnell Show, two sequences from Oprah
Winfrey Show, Late Night With David Letterman, and Regis and Kathie Lee each.
• Sports programs (6 sequences, 335 shots). One college and one NFL football sequence, two sequences from the
NCAA Tournament, and two sequences with car races, one from NASCAR and one from the Texas 500 Car
Race.
• Sequences from CSPAN (8 sequences, 168 shots). Obtained from CSPAN-I and CSPAN-II. Consists of long
shots with very little camera or object motion.
Note that we never use more than one sequence from a given airing of a particular program, in order to achieve
maximum content variation.

5.2. Computation of Model Distances Between Genres
It is interesting to compare the HMMs obtained for different video genres. However, this cannot be done by inspection
of the model parameters. As pointed out in,6 the parameters for two HMMs, λ1 and λ2 may look very different, yet
the HMMs may be equivalent in the sense that the statistical properties for the observation symbols are the same,
i.e., E{Ot = vk |λ1 } = E{Ot = vk |λ2 }.
The distance between two HMMs, λi and λj may be defined as
d(λi , λj ) =

D(λi , λj ) + D(λj , λi )
2

(10)

where

i
1h
(11)
log P (O(i) |λi ) − log P (O(i) |λj )
T
is the asymmetric measure of the difference between intermodel and intramodel matches for a sequence, and O(i) =
O1 O2 · · · OT is a sequence of observations generated by model λi .
D(λi , λj ) =

For this experiment we trained four HMMs, λ1 , . . . , λ4 , for the different genres in the database by using all
available sequences for each genre. Then we generated sequences of length T = 5000 using each model and computed
pairwise distances using Equation 10. The resulting distances are given in Table 1. By examining the values for the
distances we can see that the cspan class is well-separated from the other three classes. Also the models for the two
classes soap and sports are close together, which will hinder the classification accuracy for these classes.

5.3. Genre Classification Experiments
To get an honest estimate of the performance of the HMMs that were built in classifying sequences, we have used
the following procedure which is similar to a cross-validation scheme
for i = 1 to 6
for each genre G ∈ {soap, talk, sports, cspan}
randomly choose two sequences from G and place them in the test set
use remaining sequences in G to train a HMM, λG , for G
classify all sequences in the test set using the HMMs for genres, λ1 , . . . , λ4
average the six set of values to obtain the classification performance
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Table 1. Pairwise distances between HMMs of different genres for sequences of 5000 symbols.
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Table 2. Confusion matrix when classifying different genres using HMMs of order 6.
The results are shown in Table 2. From this table we can see that the results agree with the distance distribution
between classes given in Table 1. The similarity between the models λsoap and λsports cause many misclassifications
between these two genres. Notice from Table 1 that the distance between sports and talk, d(λsports , λtalk ) = 2.0938
is greater than d(λsoap , λtalk ) = 2.0329 which accounts for the fact that soap opera sequences are misclassified as
talk shows more often than sports sequences.

6. CONCLUSION
In this paper we have outlined a method to analyze video sequences from different types of TV genres using Hidden
Markov Models. The HMMs were built using a sequence of feature vectors, which we called the pseudo-semantic
trace, derived from the shots in a video sequence. In this paper we have used two simple pseudo-semantic features
for a shot, the average number of MBs with motion vectors for the frames in the shot and the length of the shot
in frames. We have shown that agglomerative clustering of feature vectors using a Gaussian mixture model is an
efficient way to determine the order of HMMs if an a priori model for video structure does not exist. We have also
shown that the pairwise distances between HMMs is a valuable tool in predicting the performance of a classifier
based on these HMMs.
Our genre classification experiments using the HMMs built using the above two features have shown that these
features are able to distinguish between programs from CSPAN and talk shows successfully. However, the classification performance was low in discriminating between soap operas and sports programs. It is evident that more
sophisticated features are called for to increase classification accuracy although the fact that the HMMs have the classification performance they have even using such simple features suggest that they are powerful tools in description
of video content.
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