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Abstract This paper presents a new learning algorithm for
audiovisual fusion and demonstrates its application to video
classification for film database. The proposed system
utilized perceptual features for content characterization of
movie clips. These features are extracted from different
modalities and fused through a machine learning process.
More specifically, in order to capture the spatio-temporal
information, an adaptive video indexing is adopted to
extract visual feature, and the statistical model based on
Laplacian mixture are utilized to extract audio feature.
These features are fused at the late fusion stage and input to
a support vector machine (SVM) to learn semantic concepts
from a given video database. Based on our experimental
results, the proposed system implementing the SVM-based
fusion technique achieves high classification accuracy
when applied to a large volume database containing
Hollywood movies.
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1 Introduction

In the computer age, databases have become the center of
the creative process for various types of new media, in
particular for film. A database can be considered a
collection of multimedia objects—sequence of images, text,
audio, and 3-D graphics—used for creating work through
an interface. For instance, an image database can be
represented as a page of miniature images; clicking on a
miniature will retrieve the corresponding record. If a
database is too large to display all of its records at once a
search engine can be provided to allow the user to search
for particular records [1]. The user can create his/her own
unique narrative by choosing the records in a particular
order, which makes a sequence of video clips not just an
arbitrary sequence of records, but an organized sequence
with narrative style [2]. This requires a search system that is
powerful enough to track relevant clips based on the
desired theme.

When retrieving clips from a database, the user is
searching not only for clips that are similar to the query
in terms of the visual aspect, but also in terms of the
audiovisual aspect to convey a semantic concept-based
query interface. The term ‘semantic concept’ describes the
characteristic of the desired clip derived from its distinct
characteristics and expressed through audiovisual signals.
The semantic may be interpreted as logical story units,
events, and activities, such as airplane flying, car crashing,
riot, and so on. Retrieval using concepts has been
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conducted in many domain applications. For example,
Sudhir et al. [3] and Miyamori and Iisaku [4] addressed
the semantics of tennis games with concepts such as
baseline-rallies, passing-shots, net games, and server-and-
volley. These were derived by rule-based mechanisms as
well as low-level features such as player position, dominant
colors, and mass center [5]. In more recent work, Lay and
Guan [6, 7] presented elemental concept indexing (ECI) by
defining concepts using a compound of annotated words
that can be decomposed into more elementary units, and
applying grammar rules to support query operations.

In this paper, we propose an indexing and retrieval
technique that derives semantics based on perceptual
features and a machine learning fusion model. We associate
semantic concepts with perceptual features instead of
annotating terms to specify a finer perception. This
interface is applied for the film editing/making process
where the perception characteristics in the scene are very
difficult to express with words. In the composition of the
scene, the notion of Mise-en-scène, where the design of
props and setting revolve around the scene, is implemented
to enhance its potency [8]. Mise-en-scène means “put in the
scene” for almost everything including the composition
itself: framing, movement of the camera and characters,
lighting, set design and general visual environment, even
sound as it helps elaborate the composition [22]. Such scene
units are difficult to characterize with textual descriptions,
while they are more easily subjected to feature extraction at
the signal level. The proposed audiovisual fusion model
employing perceptual features provides a highly efficient
interface to retrieve movie clips for such concepts as Love
scene, Music video, Fighting, Ship crashing, and Dancing
party1 (results are reported in “Section 5”).

1.1 Previous Work

The application of multimodality signal processing has
been demonstrated to help solve challenging problems,
such as story segmentation, event content analysis, concept
detection, retrieval, and topic clustering. A review of
techniques for classification of story units into high level
taxonomies is given in [43]. Much of the previous work has
focused mainly on news videos and sports domain
applications. A key challenge here is to integrate the
different sources of evidence from many multimedia
features into indexing that helps the system to effectively
find what the user is seeking. With the nature of news
videos, the text information from speech transcription and
closed caption can be exploited. This is fused together with

audio–visual features, showing promising performance in
processing for the broadcast news video domain. Some of
the recent research work on this topic is discussed in [15].
Sport videos, although they are of the same type, represent
different genres and require specific approaches for detect-
ing useful attributes. These include techniques that detect
events such as goals and penalties in baseball [16], cricket
[17], and soccer [18] which typically yield successful
results within the targeted domain. In addition, the
detection task requires a more ‘generic approach’ that is
common to all genres of sports (e.g., [19, 20]).

Apart from the two domains discussed above, detection
of concepts is presented in [39, 40] using machine learning
and a statistical modeling approach. Naphade et al. [39]
presented a probability framework for detecting multimedia
objects in terms of location, objects, and events, and their
association in a form of multimedia network. Adams et al.
[40] presented a more recent work on exploiting features
from multiple modalities including audio, visual, and text
and applying the Gaussian mixture model (GMM), hidden
Markov model (HMM), and use of a support vector
machine to model concept representations. In addition to
this, Bayesian networks and SVMs are used in a late fusion
approach to model concepts that are not detected from the
features at the first stage.

The methods discussed so far are specific either to news
or sport videos. Central to all these works are complex
algorithms performing standalone modeling of specific
events based on intrinsically critical characteristic features,
which tend to be specific to each video type. Their effec-
tiveness is somewhat diluted by their inherent inapplicability
to other video genres. In addition, a more generic genre
independent methodology is a more challenging and difficult
task. For a given event detection task, it is infeasible to
consider that there exists a unique solution that will operate
successfully across all genres of video. We propose in this
paper to address the problems for movie domain application
that requires a different indexing and retrieval method from
the ones used in news or sport video applications. Previously
in this domain, Rassheed et al. [21] have worked on the
classification of movies into broad categories: comedies,
action, drama, or horror films. Inspired by cinematic
principles, computable features such as motion, content, and
lighting are applied to map a movie into semantic classes.

1.2 Proposed Method

In this paper, we propose the SVM model for fusion of
audiovisual features for characterization of semantic con-
cepts according to perceptual features in video. We apply
the proposed technique to movie database for classification
of movies at the clip level. The application of perceptual
features addresses the difficulty in modeling concepts faced

1 Here we describe these concepts with textual descriptions for
communication with the readers. However, our definition of semantic
concept is based on perceptual features of video and not the texts.
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by the techniques of using texture descriptors. The limited
number of concepts characterized by words may result in
inadequately expressing the needs of film editors/makers
who usually rely on artistic themes derived from the
filmmaker’s perception garnered through a multitude of
observed phenomena [38].

Although the SVM is a well-established machine
learning technique [12], its application for the fusion of
multimodality features is recently studied. A SVM-based
decision fusion technique has been employed for cartridge
identification [41] as well as for personal identity verifica-
tion [13]. However, the SVMs have not previously been
applied to construct decision fusion for detection of
semantic concepts in video.

In “Section 2”, we present the SVM-based fusion model
and the associate learning algorithms. In order to index
video clips, we present in “Section 3” the adaptive video
indexing technique [26] for visual content analysis. In
“Section 4”, we present a statistical technique for audio
content analysis using Laplacian mixture model [28].
Finally, “Section 5” presents the experimental results
obtained by the proposed system for classification of video
clips in a large database of Hollywood movies.

2 The SVM-Based Fusion Technique

2.1 The Proposed Late Fusion Model and the System
Architecture

Meyer et al. [32] have suggested that there are two
techniques for audio–visual fusion in developing audio-

visual information recognition systems: feature fusion and
decision fusion. These approaches are very often referred to
as early fusion and late fusion. The fist approach is a simple
audio–visual feature concatenation giving rise to a single
data representation before the pattern matching stage. The
second approach applies separate pattern matching algo-
rithms to audio and video data and then merges the
estimated likelihoods of the single-modality matching
decisions. In the current application, a late fusion scheme
is chosen for the following two reasons. First, visual feature
in the current work have a physical structure different from
audio feature in both dimensions as well as weighting
scheme (discussed in “Section 3” and “Section 4”). Second,
based on previous studies [33] with respect to human
perception, audio and visual processing is likely to be
carried out independently in different modalities and
combined at a very late stage. Audio contains information
that is often not available in the visual signal [34]; thus, it
may not be appropriate to concatenate audio and visual
features into a single representation.

Figure 1 shows the architecture of the proposed system
which includes the fusion module and SVM. The extracted
data (audio and visual) are processed by different similarity
functions, da and dv. The function da is applied to audio
feature, whereas the function dv is applied to visual feature.
Each function, given the extracted data, will deliver
similarity scores between an input sample and a model
vector. These score are in the range between zero (accept)
and one (reject). In other words, when combining two
modules, the fusion algorithm processes a two-dimensional
vector for which each component is a score in [0, 1]
delivered by the corresponding modality expert. The SVM

Figure 1 Architecture of SVM-
based late fusion method. In the
fusion module, the vector x is
formed by fusion of similarity
matching scores in audio and
visual domains, which are re-
spectively denoted by da and dv.
In the SVM, the input x and the
support vector xi are nonlinearly
mapped (by φ) into a feature
space H, where dot precuts are
computed. By the use of the
kernel k, there two layers are in
practice computed in one single
step. The results are linearly
combined by weights vi, found
by solving a quadratic program.
The linear combination is fed
into the function
s xð Þ ¼ sgn xþ bð Þ.
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will combine the opinions of the different experts and give
a binary decision.

The technique of applying specific similarity function
to different descriptors is as same as the technique that
MPEG-7 descriptors employ different distance measures
for different type of descriptors. For example, L1 and
L2 norm are recommended by the MPEG-7 standard
[42] for similarity measure of homogeneous texture
descriptor and edge histogram descriptor, since they have
distinct underlying aspects (e.g., percentages, variance,
moments).

Let fa and fv denote the feature vectors extracted from
audio and video signal (discussed in “Section 3” and
“Section 4”), where the subscript a and v are for audio and
visual, respectively. Giving the video database, we can
obtain a set of samples:

xi ¼ da;i fa;i; f
0
a

� �
dv;i f v;i; f

0
v

� �� �
; i ¼ 1; 2; . . . ;NT ð1Þ

where di is the function measuring the similarity between
the i-th sample and f′ that is the feature vector of the
representative sample from the positive class. From a given
video database, a subset of samples of xi, i=1,2,...,NT is
conducted for training SVM to learn a specific semantic
concept defined by the positive class. We describe this
technique in the following sections.

2.2 SVM Learning

For pattern recognition [13, 36], we try to estimate a
function f : # ! �1f g based on input–output training data,

x1; y1ð Þ; . . . ; xi; yið Þ 2 # � �1f g ð2Þ

Here, the domain χ is some nonempty set that the
patterns xi are taken from; the yi are called labels. It is
assumed that the data were generated independently from
some unknown probability distribution P(x, y). The goal
here is to learn a function that will correctly classify new
example (x, y), i.e., f (x)=y for examples (x, y) that were
also generated from P(x, y). In other words, we choose y
such that (x, y) is in some sense similar to the training
examples. To this end, we need similarity measure in χ, i.e.,

k : # � # ! <
x; x0ð Þ7!k x; x0ð Þ ð3Þ

which is a function that returns a real number characterizing
the similarity between x and x′. A type of similarity
measure that is of particular interested is dot product which
is performed in the feature space, Η

k x; x0ð Þ :¼ x � x0ð Þ ¼ f xð Þ � f x0ð Þð Þ ð4Þ

where the mapping function 7 (x) is applied to transfer
pattern x and x′ into the feature space H, i.e.,

f : # ! H ;
x 7! x

ð5Þ

In order to design learning algorithm, we must come up
with a class of function hyperplanes

w � xð Þ þ b ¼ 0 w 2 <N ; b 2 <; ð6Þ

corresponding to decision functions

f xð Þ ¼ sgn w � xð Þ þ bð Þ ð7Þ

We can show that among all hyperplanes separating the
data, there exists a unique one yielding the maximum
margin of separation between the classes,

max
w;bð Þ

min x� xik k; x 2 <N ; w � xð Þ þ b ¼ 0; i ¼ 1; . . . ;m
� �

;

ð8Þ

where m is the number of data samples. This is the
optimum hyperplane that has the lowest capacity. This can
be constructed by solving a constrained quadratic optimi-
zation problem (explained in “Section 2.3”). The solution
vector w has an expansion w ¼Pi vixi in term of a subset
of the training patterns, namely those whose vi is non-zero,
called Support Vectors. These carry all relevant information
about the classification problem; all remaining examples of
the training set are irrelevant. Therefore, we may rewrite
Eq. 7 as:

f xð Þ ¼ sgn
X

i
ni x � xið Þ þ b

� �
ð9Þ

This shows the crucial property of the algorithm that the
decision function depends only on dot products between
patterns. We think of the dot product space as the feature
spaced H. To express the formulas in terms of the input
patterns lying in χ, we need to employ Eq. 4, which express
the dot product of features in terms of the kernel k
evaluated on input patterns,

k x; x0ð Þ ¼ x � x0ð Þ ð10Þ

We thus obtain decision functions of more general form

f xð Þ ¼ sgn
Xm
i¼1

ni � f xð Þ � f xið Þð Þ þ b

 !

¼ sgn
Xm
i¼1

ni � k x; xið Þ þ b

 ! ð11Þ
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By this definition, it is more efficient to use the kernel to
obtain the dot product in H since f xð Þ � f xið Þ will be very
expensive to compute if H is high-dimensional. To this end,
we have used the Gaussian radial basis function (GRBF)

k x; x0ð Þ ¼ exp �g x� x0k k2
� �

ð12Þ

for similarity measure.
As discussed in Fig. 1, the input x and the support vector

xi are nonlinearly mapped (by 7 ) into a feature space H,
where dot products are computed. Practically, those two
layers are computed in one single step by the use of the
kernels k. The results are linearly combined by weights vi,
found by solving a quadratic problem. The linear combi-
nation is fed into the function σ(x)=sgn(x+b).

Figure 2 shows an example of two-dimensional plot of
data samples obtained from the database in our experiment
(discussed in “Section 5”). It shows the two-dimensional
feature space where each sample is labeled as positive or
negative according to one query concept. It can be observed
that although the data is only two dimensions, the problem
is not a linear separable case. The application of a non-
linear GRBF kernel function is therefore more appropriate
to conduct nonlinear mapping for the SVM classifier, as
compared to other linear functions.

2.3 Implementation of SVM

To construct the optimum hyperplane [cf. Eq. 8], we can
solve the following optimal problem:

minimize
w;b

1

2
wk k2

subject to yi � w � xið Þ þ bð Þ � 1; i ¼ 1; . . . ;m
ð13Þ

The way to solve this problem is through the Lagrangian
dual. In practice, however, a separate hyperplane may not
exist e.g., if a high noise level causes a large overlap of the
classes. Thus, we employ a soft margin classifier, called C-
support vector classifier (SVC) [14] for the implementation
in the current work. The software library for this imple-
mentation may be found in [35]. The C-SVC uses the
constant C>0 as the upper bound which is the only
difference from the separable case [cf. Eq. 13]. The
technique here is minimizing the objective function

t w; xð Þ ¼ 1
2 wk k2þC

Pm
i¼1

xi

subject to yi � w � xið Þ þ bð Þ�1� xi; xi � 0; i ¼ 1; . . . ;m

ð14Þ

where ξi are slack variables. Incorporating kernels, and
rewriting it in terms of Lagrange multipliers, this leads to
the problem of maximizing:

maximize
a2<m

Pm
i¼1

ai � 1
2

Pm
i;j¼1

aiajyiyjk xi; xj
� �

subject to 0 � ai � C; i ¼ 1; . . . ;m; and
Pm
i¼1

aiyi ¼ 0

ð15Þ

where the trade-off parameter C>0, and αi, i=1,2,...,m are
the Lagrange multipliers. The resulting decision function
can be shown to take the form:

f xð Þ ¼ sgn
Xm
i¼1

aiyi � k x; xið Þ þ b

 !
ð16Þ

where the weight parameters vi in Fig. 1 are replace by αiyi.

Figure 2 A two-dimensional
plot of data samples obtained
from the database to be classi-
fied by SVM for a given query.
According to the ground truth,
the positive samples are marked
as plus signs and negative sam-
ples are marked as circles.
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3 Visual Modeling

Visual feature plays an important role in capturing visual
information in a video clip, which is further used in a
process of modeling of concepts. Traditionally in order to
obtain visual feature for a group of pictures, a key frame is
selected from such a group and the color-related features of
the entire collection are represented by those of the chosen
sample. Such methods are highly dependent on the quality
of the representative sample selection and may lead to
unreliable results. As an attempt to solve this problem, the
MPEG7 standard [42] has lunches the Group-of-frames
(GoF) color descriptor for the joint representation of color-
based features for multiple frames in a video segment. The
GoF color descriptor is obtained by aggregating the histo-
grams of multiple video frames and representing the
aggregated histograms using the scalable color descriptor,
which has proven to be reliable in capturing the color content
of multiple video frames. Similarly, previous studies have
shown that the application of key-frame selection algorithms
[24, 25] is effective in obtaining the compact representation
of the video and provide better visual features.

However, while the GoF and key-frame selection
techniques are relatively easy to implement, the video
representation produced may not be adequate to capture
video content, since the techniques do not take into account
temporal information. The similarity matching of videos is
based on the spatial content of the predefined key-frames.
In order to capture visual content of a segment of video at
the clip level that contains many shots, the spatial as well as
temporal information has been proven to achieve more
accurate narratives in the video. The low-level video
features that address spatial-temporal information may help
in improving the accuracy for extraction of the related
semantic concepts in video. They may provide some
semantic-sensitive visual pattern through the application
of machine learning techniques, bridging the semantic gap
between video concepts and the low-level features [39, 40].

In this work, we adopt the adaptive video indexing (AVI)
technique demonstrated in [26] for visual modeling in order
to address the spatial-temporal information. The AVI places
a strong emphasis on embedding representations of the
dynamic contents in video. Video is viewed as a collection
of visual templates and in doing so capture sequential
information by AVI weight parameters. The technique
associates the probability of occurrence of frames (or
templates) with weight parameters. This weighting scheme
indicates the relevancy of the corresponding video clip, and
can be used with automatic relevance feedback to improve
precision in video retrieval.

However, although AVI has proven to be effective for
video indexing and retrieval as compared to various types
of key-frame selection methods (e.g., [24, 25]), its

application for characterization of semantic concepts, and
fusion with audio features has not been conducted to extend
its capability. We study in this work the extension of AVI
with audio feature for semantic concept video classification.

3.1 AVI Algorithm

For our purpose a video frame is a two dimensional sample
that can be characterized by a feature vector,

h ¼ h n½ �; 0 � n � Nf ð17Þ

having finite extent Nf. The vector may be as simple as a
single feature type such as color feature, or it may be a
multidimensional vector which includes shape, texture or
motion. Thus a video database can be viewed as a collection
of frame and thus a set of feature vectors. We obtain a training
set T ¼ h0; h1; :::; hTt�1f g that contains vectors randomly
selected from the feature vectors in the database. We apply the
competitive learning algorithm [9, 10] to T to obtain a set of
vectors, C ¼ bh0; bh1; . . . ; bhTc�1

n o
for effective representation,

where Tc<<Tt. By this way, each bh, which is now called
visual template, is optimized to a certain degree since it is an
approximate version of similar vectors in the training set.

Based on Eq. 17, for a given video clip, we can obtain a
primary descriptor, D ¼ h0; . . . ; hi; . . . ; hTd�1f g, where hi is
the feature vector of the i-th frame, and Td is the total
number of frames. Then, the video indexing progresses
through a vector quantization of each video frame using the
corresponding feature vector in D and the visual templates in
C. Each frame in the video is considered as a vector inputted
to the quantizer. With each, the node vectors in the set C
compete to see which is the closest to the input vector in a
Euclidean sense. That is, a data vector hi to be encoded must
be compared to each code vector bhj; j ¼ 0; 1; . . . ; Tc � 1 to
find the one that minimizes the MSE (Mean square error).
Specifically,

l hið Þ
1 ¼ argmin

j2 0;1;...;Tc�1f g

1

N
hi � bhj			 			2
 �

ð18Þ

where l hið Þ
l is the label of the best-match template. Figure 3

shows the example of the encoding process. Here we are
interested not only in the best match, but also the second
(and up to k-th) best match:

l hið Þ
2 ¼ argmin

j2 0;1;:::;Tc�1f g� l
hið Þ

1

n o 1

N
hi � bhj			 			2
 �

; ð19Þ

..

.

l hið Þ
k ¼ argmin

j2 0;1;...;M�1f g� l
hið Þ

1 ;l
hið Þ

2 ;...;l
hið Þ

k�1

n o 1

N
hi � bhj			 			2
 �

; ð20Þ
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where l hið Þ
k is the label of the k-th best-match template. In

the above definitions, once a template is selected, a decision
is made to consider other k-1 templates which are its
neighbors having less of degree of similarity to the input
vector2. Hence, this decision-making process gives a total
of k labels for the most similar representations instead of a
single best match as in typical vector quantization. This
process allows for interpretation of the correlation informa-
tion between the selected template and its neighbors to
address the very strong frame-to-frame correlation which is
due to the nature of time-sequence video data [27].

The visual content of the i-th video frame is associated
with hi and is therefore characterized by L hið Þ ¼ l hið Þ

t t ¼j
n

1; 2; . . . ; k:g. The resulting L hið Þ from encoding all input
vectors hi; i ¼ 0; 1; 2; . . . ; Td � 1 in set D give a set of
labels corresponding to the entire video frames within the
input video. These labels is now concatenated into a single
weight vector, f v ¼ fv j½ �; 0 � j � Tc � 1. Here the weight
is based on the popular IFxIDF model [23, 37]:

fv j½ � ¼ fr j½ �
max

j
fr j½ �f g � log

Nto

n j½ � ð21Þ

where the weight parameter fr[j] stands for a raw frequency
of template bhj (the number of times the template is
mentioned in the sequence of input video). The maximum
is computed over all templates mentioned in the content of
the input video; Nto denotes the total number of videos in
the system and n[j] denotes the number of videos in which
the index template, bhj appears.

The weight fv[j] balances two effects for clustering
purposes: intra-clustering characterization and inter-charac-
terization. This weight parameter is a statistical value which
best identifies the usefulness of the corresponding visual
template bhj for describing the video contents. For example,
the value of fv[j] becomes zero if the template bhj does not

appear in the video. By this way, the vector fv usually has a
few components whose values are non zero, i.e., fv is a
sparse vector. From this reason, a suitable similarity
measure between these vectors is the dot product or cosine
similarity. Based on Eq. 1, we formally defined the distance
function for visual feature as follows:

dv f v; f
0
v

� �
¼

PTc�1
j¼0 fv j½ �f 0

v j½ �ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
f v � f vð Þp ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

f
0
v � f

0
v

� �q ð22Þ

where fv is the feature vector of the input video and f
0
v is the

feature vector of the representative sample in a given
positive class.

4 Audio Features

It has been observed that audio information can provide
useful clues for the analysis of audio–visual data. For
example, the action sequences in the video scenes are easier
to identify and represent in terms of audio descriptors. The
users of the video data are often interested in certain action
sequences in which audio information is predominant. The
advantage of audio is its ability to affectively link visually
different but semantically related video clips. For this
purpose, we need to extract feature that represent the global
content of the audio in order to deal with mixed sound
sources. However, the existing speech-recognition algo-
rithms generally do not suit ordinary videos since most
studies on music and speech detection aimed at improving
speech recognition systems. The difficulty is in handling
mixed audio sources in order to address the use of audio
information in handling video. We adopt the statistical
approach [28] based on a Laplacian mixture model (LMM).
This is applied to model the peaky nature of wavelet
coefficient distributions of audio signal.

Regardless of the length of the video clips, the wavelet
transformation can be applied for analysis the global as well
as local content of video using time-frequency analysis
technique. It is generally accepted that energy distribution
of wavelet transforms of audio signal is effectively
concentrated on a few bands. This transforms the distribu-
tion of the wavelet coefficients to its peak which is
inherently non-Gaussian. Taking into account the peaky
nature, a LMM may provide a better alternative for
modeling the distributions of wavelet coefficients. Wavelet
transform also provides a multi-scale representation of
sound information, so that we can build an indexing
structure based on this scale property. In this work, we
apply LMM to each high-frequency subband and used all
subband for indexing. This preserves the multirescale of the
wavelet representation of audio signal.

2 We have chosen k=5 for video indexing in our experiments reported
in “Section 5”.

Figure 3 Representation of encoding hi with labels lhi1 and lhi2 .
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We model the wavelet coefficients in each high
frequency wavelet subband as a mixture of two Laplacians
centered at zero:

p wið Þ ¼ a1p1 wi b1jð Þ þ a2p2 wi b2jð Þ
a1 þ a2 ¼ 1

ð23Þ

where α1 and α2 are the mixing probabilities of the two
components p1 and p2; w1 are the wavelet coefficients; b1
and b2 are the parameters of the Laplacian distribution p1
and p2, respectively. The Laplacian component
corresponding to the class of small coefficients has
relatively small value of parameter b1. The Laplacian
component in Eq. 23 is defined as:

p1 wi b1jð Þ ¼ 1

2b1
exp � wij j

b1


 �
ð24Þ

The shape of the Laplacian distribution is determined by
the single parameter b.

We apply the Expectation Maximization (EM) algorithm
to estimate the parameters of the model. The EM algorithm
[29, 30] is iterative and consists of two steps, E-step and M-
step for each iteration.

E-Step For the n-th iterative cycle, the E-step computes the
expected value of hidden variable z for each wavelet
coefficient:

z1ih i ¼ a1 nð Þp wijb1 nð Þð Þ
a1 nð Þp wijb1 nð Þð Þ þ a2 nð Þp wijb2 nð Þð Þ ð25Þ

z2ih i ¼ a2 nð Þp wijb2 nð Þð Þ
a1 nð Þp wijb1 nð Þð Þ þ a2 nð Þp wijb2 nð Þð Þ ð26Þ

M-Step In the M-step, the parameters [b1, b2] and a priori
probabilities [α1, α2] are updated.

a1 nþ 1ð Þ ¼ 1

K

XK
i¼1

z1i nð Þh i; ð27Þ

a2 nþ 1ð Þ ¼ 1

K

XK
i¼1

z2i nð Þh i; ð28Þ

b1 nþ 1ð Þ ¼
PK

i¼1 wij j z1i nð Þh iPK
i¼1 z1i nð Þh i ð29Þ

b2 nþ 1ð Þ ¼
PK

i¼1 wij j z2i nð Þh iPK
i¼1 z2i nð Þh i ð30Þ

where K is the number of wavelet coefficients. In practice,
the wavelet decomposition of the audio signals is taken up
to L levels. The feature vector used for indexing the video
clips consists of the following components:

fa ¼ m0; s0f g; a1;i; b1;i; b2;i
� � �

; i ¼ 1; 2; . . . ; L� 1 ð31Þ

where m0 and σ0 are the mean and standard deviation of the
wavelet coefficients in the low-frequency subband,
a1;i; b1;i; b2;i
� �

are the model parameters obtained from
wavelet coefficients from the i-th high-frequency subband.

Based on Euclidean distance, we obtain similarity
function [cf. Eq. 1] between two audio feature vectors as
follows:

da fa; f
0
a

� �
¼ 1�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN1

i¼1
fað Þi� f

0
a

� �
i

� �2r
ð32Þ

where N1 is the dimension of the feature vector.

5 Experimental Results

The experimental results obtained in this section were
conducted on a database consisting of 24 full-length and
mostly recent mainstream Hollywood movies chosen to
represent the more popular films, music videos, and
commercials. This included the Titanic, the Patriot, the
Postman, Pakistani music videos and films. All video files
were segmented into 6,000 clips, each of which contains
one to three shots, and approximately 6 s long. We
employed commercial software3 to segment video automat-
ically regardless of the homogeneous which respect to the
story topic of the video clip. This segmentation method
may give a different result from the hand-segment method.
The automatic segmentation method may introduce a
penalty in indexing performance that the inexact segmen-
tation (including frames from a previous or following non-
related story) would produce.

All video were indexed by visual and audio features. The
details for the feature extraction are summarized as follows:

Visual Feature We applied AVI technique explained in
“Section 3” to obtain visual feature. In a separate offline
process, each video clip was indexed through the optimum
visual templates which were generated by the competitive
learning algorithm [9, 10]. A number of training set was
created by subsampling video frames in the database, and

3 The software we used for video segmentation is not available
recently. However, a new software product, Movavi SplitMovie may
be found at: http://movavi.com/splitmovie.
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was optimized to obtain a set of visual templates whose size
Tc=2000. These templates were then used for encoding all
video clips in the database. As a result, each video clip was
described by its associated weight vector [cf. Eq. 21]. By a
Matlab implementation, the system took approximately 6 s
to index a single video clip.

Audio Feature We applied the statistical model based on
LMM explained in “Section 4” to obtain audio feature. A
wavelet transform with nine-level decompositions was
applied to the audio signal from each video clip. The
coefficients in each high frequency subband were then
characterized by the LMM. The resulting model parameters
and the mean and standard deviation of wavelet coefficients
in the low-frequency subband were used to obtain feature
vector according to Eq. 31. In addition, as feature
components represent different physical quantities and have
different dynamic ranges, the Gaussian normalization
technique [31] was employed to convert the vector
component to [−1, 1].

5.1 Results

We applied SVM-based fusionmodel described in “Section 2”
for classification of the video database. Five semantic
concepts were utilized to obtain the results. These concepts
included fighting, ship crashing, love scene, music video,
and dancing party4. For each of the five concepts, we
obtained the ground truth classes by manually classifying

all video clips in the database. Table 1 shows detailed
information of the data set used in the experiment. The
ground truth class was used for measuring classification
performance of the proposed technique. For each concept,
the system was trained using a training set of 100–250
samples randomly selected from the database according to
the type of concepts. This size of training set was approxi-
mately less than 2% of all video clips used for testing.

In order to measure the performance of the system, we
used three following criteria: classification accuracy, false
positive rate, and false negative rate. Classification accura-
cy was used to measure the percentage of correct/incorrect
classifications [14], whereas the other two metrics were
defined as follows [11]:

false positive rate ¼ number of false positivesð Þ
number of negative instancesð Þ ð33Þ

false negative rate ¼ number of false negativeð Þ
number of positive instancesð Þ ð34Þ

The false positive rate was the proportion of negative
instances that were erroneously reported as being positive,

4 Here we describe these concepts with textual descriptions for
communication with the readers. However, our definition of semantic
concept is based on perceptual features of video.

Table 1 Ground truth and training/testing data used for concept
classification via the SVM-based fusion model.

Type of
concept

Number of
instances of
each
concept in
database

Number of
movies each
concept
exist

Number of
training samples
(positive,
negative)

Number
of testing
samples

Love
scene

66 3 (22,78)=100 6,000

Music
video

41 4 (13, 87)=100 6,000

Fighting 413 3 (137, 163)=300 6,000
Ship
crashing

201 1 (67, 134)=250 6,000

Dancing
party

48 1 (16, 84)=100 6,000

Table 2 Recognition rate obtained by the SVM based fusion model.

Type of concept Accuracy (%) False positive
rate (%)

False negative
rate (%)

Love scene 90.97 8.91 19.70
Music video 91.03 9.03 0
Fighting 84.68 25.65 14.55
Ship crashing 91.81 7.54 26.87
Dancing party 99.68 0.30 2.08
Average 91.63 10.29 12.64
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Figure 4 Classification results obtained by the SVM-based decision
fusion model for the “Love Scene” concept, at a different setting of
the training set.
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and the false negative rate was the proportion of positive
instances that were erroneously reported as negative.

Table 2 shows the experimental results obtained by the
proposed technique. It can be observed that the proposed
system achieved very high accuracy at more than an
average of 91%. It should be noted that this is not a rare
result. The number of negative samples was much more
than the positive samples within a given class; the models
can correctly classify most of the negative samples, and
thus the average was high. An interesting observation was
the false negative rate since it indicated the percentage of
positive samples that were correctly detected. The system
has the highest false negative rate at 26.87% for classifi-
cation of the ‘Ship Crashing Concept’. This showed,
however, that 73.2% of all relevant videos were correctly
classified. Moreover, the system attained the lowest false
negative rate of 0% and 2% for detection of ‘Music Video’
and ‘Dancing Party,’ respectively. For such concepts, we
observed that audio features extracted from video clips
contributed highly to the effectiveness of the classifier. In
addition, the consistent of the visual scene in the video clips
representing ‘Dancing Party’ concept, as well as the music
sound enabled the classifier to achieve close to 100%
classification accuracy.

The ground truth in Table 1 may be used to study the
generalization capabilities of the SVM-based fusion model
by examining the properties of the video test set. The table
shows the number of instances of each concept in the
database, and the number of different movies each concept
exist. This data shows that three concepts are exist in more
than one movies (i.e., for Love Scene, Music video,
Fighting concepts). From the results discussed above, given
these concepts, the proposed system can classify relevant
video clips correctly although they are from different
movies. Thus, we can see that the proposed learning system
can attain the generalization capabilities up to some
degrees. Furthermore, our proposal in this work is to
characterize semantic concepts in terms of perceptual
features providing the experimental database. These con-
cepts may not be as good generalization as the ones
described by textual descriptors.

It is well known that the number of positive and negative
examples should not differ much for training SVM in order
to avoid classification errors. As noted from our results,
positive samples were more important than negative
samples for obtaining effective training. Here, we discuss
the performance of the classifier that was affected by the
training data. We utilized the ground truth for Love Scene
concept (explained in Table 1) to test the SVM classifier in

different training conditions. First, we fixed the number of
positive samples in the training set to 22 samples (these
were selected from the total of 66 samples). Then we added
the negative samples to the training set one at a time and
used it for training. Figure 4 shows the recognition
accuracy of the system. As we may anticipate, without
negative samples included in the training set the classifier
has the highest false positive error rate. Adding more
negative samples to the training set also increased the
accuracy of the classifier, but with the cost of higher false
negative errors.

Figure 4 also shows that the training size was increased
to more than 2% of the total number of samples stored in
the database. When the system was allowed to learn more
negative samples it produced a high false negative error
rate. In order to achieve a good compromise between
performance and error rates, the system required approxi-
mately 0.1% of the total negative samples for training. In
comparison, we observed from a new experiment that the
system required a large number of positive samples, e.g.,
more than 22% of positive samples were required for
training in order to obtain a good tradeoff between accuracy
as well as error rates.

6 Conclusion

We have presented a framework for semantic video
classification using a machine learning approach and
audiovisual fusion model. We demonstrated its application
for characterizing semantic concepts of movie clips from a
large video library. This system addresses the semantic in
video with perceptual feature instead of textual descriptors.
Since video data involves both audio and visual signals to
convey semantic meanings, the application of audiovisual
fusion technique provides the most accurate tools for
content analysis compared to a method using either the
visual or audio feature alone. The adaptive video indexing
technique (AVI) for visual content analysis, together with
the statistical technique based on LMM for audio analysis
capture effectively the spatio-temporal information. The
proposed audiovisual fusion model through a SVM training
process can adaptively construct a decision function for
classification videos according to a given concept. Based
on our experimental studies, the proposed system success-
fully attained high classification accuracy as when applied
to a large database containing various types of Hollywood
movies.
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