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Abstract
The ubiquity of the World Wide Web with media of all types
such - ‘Entertainment’, ‘News and Politics’, ‘Sports’ etc, in
recent years raised the attractiveness of web multimedia-video
classification. It is usually desirable to combine evidence from
different multimedia components such as audio, video, image
and text etc. This work a novel approach to classify the
multimedia contents based on internal metadata such asvideo bit rate kbps, maximum bit rate kbps, width pixels,
height pixels etc. The proposed work adopts Decision Tree and
Support Vector Machine (SVM) approach for classification
process. The metadata of various components of web
multimedia data are extracted and stored in a database for
experimental purpose. The web multimedia data are labeled
based on number of components present in the domain
category of the multimedia are classified as KDD process.

Keywords: Web Multimedia Mining, Multimedia
Metadata, Decision Tree, Support Vector Machine.

1. INTRODUCTION
The advances in the digital and network technology have
produced multimedia information on the Social media
websites such as YouTube, Red Tube, and Face Book etc,
automatic organizing of multimedia data into different
classes is an emerging trend in the area of web multimedia
research. Identifying and organizing a domain specific
web multimedia data into different categories using Data
mining classification techniques is challenging task. The
Classification is a supervised Machine Learning technique
which assigns labels or classes to different objects or
groups. Classification is a two step process: First step is
construction model which is defined as the analysis of the
training records of a multimedia data. Second step is
model usage; the model constructed is used for
classification. The classification accuracy is estimated by
the percentage of test samples or records that are correctly
classified [1] [2]. Many classification models/algorithms
and data mining and machine learning tools are developed
in recent years. In this work, using KNIME data mining
tool [3], the web multimedia-video metadata are extracted
and classified based on available metadata of web
multimedia-videos using Decision Tree and Support
Vector
Machine classification
algorithms.
The
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classification results are compared and analyzed. The rest
of the paper is organized as follows: The section 2
represents related works on the classification of web
multimedia videos, section 3 represents proposed web
multimedia video classification methodology, section 4
represents
performance
evaluation
analysis
of
classification models, and finally section 5 represents
conclusion and future work.

2. RELATED WORKS
A new statistical model for the classification of structured
documents and consider its use for multimedia document
classification. The main originality is its ability to
simultaneously take into account the structural and the
content information present in a structured document, and
also to cope with different types of content (text, image,
etc). The experiments show that taking the structure into
account increases the performance compared to a flat text
classifier and that the integration of textual and image
information via this structured document model still
increases the performance [4].
The empirical study on the testing and fault-identification
of multimedia systems by treating the issue as a
classification problem. Typical classification techniques,
including Bayesian networks, k-nearest neighbor, and
neural networks. The experiment shows via empirical
studies that classification techniques can learn nondeterministic characteristics from training data and
identify the types of fault for multimedia systems [5].
A novel adaptive classification method using random
forests, which is a machine learning algorithm with
proven good performance on many traditional
classification problems. During multimedia information
retrieval, our approach trains a random forest to classify
database objects as relevant or irrelevant. From the
relevant object set, it returns the top k nearest neighbors of
the query to the user. By using random forests, our method
has all the advantages of tree classifiers (such as
nonparametric and nonlinear), so it can effectively address
the multimodal distribution of relevant objects [6]. Video
classification is the first step toward multimedia content
understanding. When video is classified into conceptual
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categories, it is usually desirable to combine evidence
from multiple modalities. They investigate a metaclassification combination strategy using Support Vector
Machine, and compare it with probability-based strategies.
Text features from closed-captions and visual features
from images are combined to classify broadcast news
video. SVM-based multimodal classifiers behave
remarkably stable even in an environment of high
dimensional, noisy data and simple features. By
combining text and image features, we saw significant
improvements in recall and precision [7].
Nowadays, numerous successful implementation of data
classification in various applications using rough set
theory are available. In this paper, explore two key
problems or classifier adaptation adaptive support vector
machines (A- SVMs) for adapting auxiliary classifiers to a
new dataset which contains only limited labeled examples,
and a method for selecting the most effective auxiliary
classifiers for adaptation. The following observations from
the experiments. First, adapted classifiers trained by ASVMs significantly outperform auxiliary classifiers and
new classifiers trained from the labeled examples; Second,
compared with other adaptation techniques, our approach
achieves better performance than the ensemble approach
and comparable performance to the aggregate approach
while requiring 1/10 of the latter’s training time; Third,
selecting good auxiliary classifiers for adaptation is
critical to the performance, and our selection method has
proved to be effective [8].
In this paper, a system to categorize audio-video files into
one of five modules: news, movie, advertisement, cartoon,
and songs. Spontaneous audio-video classification is very
useful to audio-video indexing, content based audio-video
retrieval. The color histogram features mined from the
images in the video clips are used as graphic features.
SVM (Support Vector Machine) is used for audio and
video segmentation. ANN (Artificial Neural Network) is
used for audio and video classification. A linear support
vector machine (SVM) learning algorithm is applied to
obtain the optimal class boundary between the various
classes namely advertisement, cartoon, sports, songs by
learning from training data. An experimental result shows
that proposed audio-video segmentation and classification
gives effective and efficient results obtained [9].
Multimedia SVM fusion model for integrating knowledge
from low-level and semantic features extracted from
auditory and visual signal for scene classification of movie
shots [10].
This article presents a possible explanation why
multimedia retrieval and classification with huge real
world data collections like web content stays for now
behind the expectations that, in theory, the fusion of more
information should lead intuitively to improved
performance. If this data contains too little dependencies
between the modality features or most of the dependencies
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are hidden in noise, then all standard information fusion
approaches are reassigned to fail, since they are based on
those relations [11].

3. Proposed Methodology
In this section we propose a effective methodology to
extract the metadata from web multimedia files and
classify them based on the extracted metadata by applying
data mining techniques. For experimental purpose, out of
the total metadata dataset, 60% are used for training and
remaining 40% are used for testing the classification
model built using Decision Tree and SVM classification
methods. The results are analyzed and the efficiency of the
proposed method has been demonstrated. The system
model of the proposed system is represented in Figure 1. It
consists of the following components:
i) Web multimedia-video metadata extraction and Pre
processing
ii) Classification model
iii) Classification analysis

Figure 1: System model of the proposed methodology
The functionality of each component of the proposed
system model is discussed in the following subsections.
3.1 Web Multimedia-Video Metadata Extraction and
Pre-processing
The metadata of web multimedia-video data are extracted
using Mediainfo Extractor tool. Through experimental
observation out of 27 attributes 22 attributes found
significant for the proposed work. The metadata attributes
such as codec id/info, frame rate mode, color space, scan
type and compression mode will be excluded during the
experiment because the values of these metadata are
constant for each tuple. The remaining twenty two
metadata - video duration, video bit rate kbps, maximum
bit rate kbps, width pixels, height pixels, display aspect
ratio, bits/(pixel*frame), stream size mib, audio duration,
audio bit rate kbps, maximum bit rate kbps, stream size
mib, image resolution, image height, image width, text
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page, word count, character count, line count, paragraph
count, size in kbps, class. The extracted metadata will be
store in the form of CSV data file for experimental
purpose. The data are pre-processed for filling missing
data with mean or mode of each attribute.
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Table 3: Image Metadata

Table 1: Video Metadata

Table 4: Text Metadata

Table 2: Audio Metadata

When we look into the different classes of multimedia
data, it is that found 3 different classes as discussed below:
Class 1: Combination of all the 4 basic components of
multimedia data i.e. Image, audio, video and text, (ExAnimation, News, Video lectures).
Class 2: Combination of any 3 basic components of
multimedia data (Ex- Videos)
Class 3: Combination of any 2 basic components of
multimedia data (Ex- PPTs, Images)
The large numbers of all the 3 classes of multimedia data
are growing day by day on the Internet. As multimedia
data are increasing over the web, it is becoming difficult to
identify and classify the multimedia data without knowing
the content of it.
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Table 5: Class2 and Class3Combination of multimedia
data
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object of analysis is reflected in this root node as a simple,
one-dimensional display in the decision tree interface. The
Decision Tree classification model consist of two major
steps i) Attribute selection measures ii) Classification
rules. The efficiency of the classification result largely
depends on the classification model itself. Hence,
construction of robust classification model plays important
role in classification. The classification model
construction for web multimedia-videos is discussed in the
following subsections [12, 13].
i) Attribute Selection Measures
The attribute selection measures provide specific criteria
for each attribute describing the given tuples. As discussed
in section 3.1, twenty two attribute class labels are
considered for the web multimedia dataset selected, and
are listed in Table 1,2,3,4. The procedure to measure
attribute selections for the combination of web multimedia
metadata are discussed as follows: The training set D, of
class-labeled tuples randomly selected form web
multimedia metadata database. The class label attribute
has three distinct values namely, ‘Sports’, ‘News’ and
‘Entrainment’, therefore, there are three distinct classes
(i.e., m=3). Let class C1 correspond to Sports, class C2
correspond to News and class C3 correspond to
Entrainment. There are 85 tuples of class sports, 100
tuples of class news, and 62 tuples of class entrainment. A
node N is created for the tuples in D. To find the splitting
criterion for these tuples, the information gain of each
attribute is computed as fallows

In this experiment an attempt is made to classify Class 1,
Class 2 and Class 3 web multimedia data as a domain
specific approach. Since, the video domain contains 4
basic components (i.e. audio, video, image and text), for
experimental purpose, web videos have chosen all three
Classes of web multimedia data. The basic components of
web videos will be separated for metadata extraction.
The combination can be made in different classes in
multimedia data. There are 4 possible combinations in
class 2 and 6 possible combinations in class 3 in
multimedia data. The each possible set of combination is
shown above.
3.2 Classification Model
In this experiment we adopt two classification model to
classify web multimedia video data. The classification
accuracy and efficiency will depend on the constructed
classification model. This section represents detailed
procedure to construct DT and SVM classification model.
3.2.1 Decision Tree Classification Model
Decision trees are produced by algorithms that identify
various ways of splitting a data set into branch like
segments. These segments form an inverted decision tree
that originates with a root node at the top of the tree. The
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Hence, the gain in information from such a partitioning
would be
Gain (A) = Info (D) – Info_A(D) ………..(3)
The tuples are then partitioned accordingly, where, Di
contains 22 attributes which are outcomes of data
partitions D1, D2, D3…Dn, and Info (Di) can be calculated
by using eq (1). Using Eq(1),(2) and (3) information gain
of each attribute will be calculated and the attribute which
has highest information gain will be labeled as splitting
node[13,14]. The Table 2 represents the gain obtained by
the Decision Tree classification model, in which the
attribute ‘Image Resolution’ has the highest gain among
the selected attributes. Hence, the attribute ‘Image
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Resolution’ is selected as root node of the tree. In the
similar way, at each point of node, the gain will be
calculated and tree will be formulated accordingly.
ii) Classification Rules
Classification rules can be extracted from the tree
structure of the classification model for the dataset chosen
as shown in Figure 2.

Figure 3: Classification rules
3.2.2 Support Vector Machine Classification Model
The support vector machine (SVM) is a supervised
classification system that uses a hypothesis space of linear
functions in a high dimensional feature space in order to
learn separating hyperplanes. As such, SVM classification
attempts to generalize an optimal decision boundary
between classes. Labeled training data in a given space is
separated by a maximum margin hyperplane through
SVM classification. The appeal of SVMs is based on their
strong connection to the underlying statistical learning
theory. That is, an SVM is an appropriate implementation
of the structural risk minimization method [15][16].

Figure 2: Tree structure result of DT classification model
The above tree can be converted to classification rules by
traversing the path from root node to each leaf node in the
tree. In Figure 2, the root node is created with the splitting
values of the attribute ‘Image Resolution’. Each node
contains the information of class label in terms of
correctly classified instances and incorrectly classified
instances. The classification rules extracted from class
predictor as shown in Figure 3.
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Consider the problem of separating the set of training
vectors belonging to three separate classes, (x1, y1),….,
(xl, yl), where xi € Rn is a feature vector and yi € {-1;,+1} a
class label, with a hyperplane of equation wx + b = 0. Of
all the boundaries determined by w and b, the one that
maximizes the margin (Fig.1.) would generalize well as
opposed to other possible separating hyperplanes. A
canonical hyperplane has the constraint for parameters w
and b: minxi yi(w . xi + b) = 1. A separating hyperplane in
canonical form must satisfy the following constraints, yi
[(w . xi) + b] ≥1, i = 1,…., l. The margin is
according to its definition [17]. Hence the hyperplane that
optimally separates the data is the one that minimizes
ɸ (w) = 1 II w II 2.

Page 87

International Journal of Emerging Trends & Technology in Computer Science (IJETTCS)
Web Site: www.ijettcs.org Email: editor@ijettcs.org
Volume 5, Issue 4, July - August 2016

ISSN 2278-6856

Table 6: Classification result of Decision Tree
classification model

Fig 4. A Liner Support Vector Machine
The classification task involves training and testing data,
which consist of web multimedia metadata instances. Each
instance in the training set contains target value” (class
labels) and several “attributes” (features).
The goal of SVM is to produce a model, which predicts
target value of data instances in the testing set that are
given only the attributes. Training vectors are mapped into
a higher (maybe infinite) dimensional space by a learned
function. Then SVM finds a linear separating hyperplane
with the maximal margin in this higher dimensional
space.
3.3 Classification Analysis

The class1 combination of all the 4 basic components of
multimedia data. It is observed from the Decision tree
experimental result that, out of 247 instances, 234 tuples
are correctly classified and 13 tuples are incorrectly
classified by the Decision tree classification model. The
class labels ‘Sports’ has highest precision and accuracy.
Also the falls positive rate of ‘sports’ is very less with
respectively. In the ‘News’ Class label out of 100 records
99 are correctly classified and 1 were incorrectly classified
by DT model. However the falls positive rate of class label
‘News’ is high as compare to remaining class label. The
overall efficiency of Decision tree classification is found
94.7%.
Table 7: Classification result of SVM classification
model

In this section, performance evaluation measures such as
TP, FP, precision, recall and F-Measure will be calculated
to measure classification accuracy and efficiency of DT
and SVM classification model. Also the classification
accuracy of DT and SVM will be compared. The quality of
the DT and SVM classification models will be represented
in the form of confusion matrix.

4. EXPERIMENTAL RESULTS AND DISCUSSION
To test the efficiency of the classification models
constructed using Decision tree and SVM, the multimedia
dataset is extracted from the data mining tool which
consists of 247 web multimedia- video metadata instances.
The performance of the model is measured in terms of
number of correctly classified instances, number of
incorrectly classified instances, TP rate, FP rate, precision,
recall and F-score. The multimedia data contains three
different classes which represents the 22 attributes. The
Table 6 represents classification result obtained by the
Decision Tree classification model.
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The support vector machine experimental result that, out
of 247 instances, 220 tuples are correctly classified and 27
tuples are incorrectly classified by the SVM classification
model. The class label ‘Entertainment’ has highest
precision and accuracy. Also the falls positive rate of
‘sports’ is very less with respectively. In the ‘News’ Class
label out of 100 records 91 are correctly classified and 9
were incorrectly classified by SVM model. However the
falls positive rate of class labels ‘News’ is high as compare
to remaining class label. The overall efficiency of SVM
classification is found 89%. The Graphical representation
of comparison analysis is represented in Figure-3.
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Table 8: Class-2 Classifiers with Accuracy, Error rate
values

Figure 3: Comparison of classification result
The experimental result shows that, DN classification
model works well as compared to SVM classification
model. The web multimedia-video metadata datasets
contains all independent attribute as continuous values.
Due to this factor the SVM classification has less accuracy
than DT classification model. In the case of class 2, the
performance of the model is measured in terms of number
of correctly classified from the training data set the error
rates and accuracy using classifiers are evaluated. The
error rates of class2 of Decision tree and SVM classifiers
are compared and shown in Table 8.
The combination of class 2 is video audio and image it
could be observed that decision tree of classifier has least
error rate and SVM classifier combination of video audio
and text has least error rate when both compared with
other class 2 classifiers in predicting multimedia data. The
error rates and accuracies of each classifier are listed in
Table 8. Among them Decision tree sounds better with
5.263% error rate and 94.737% accuracy. From this result
we can infer that out of two classifiers decision tree suits
best for predicting multimedia data. Table 9 represents
classification result obtained by the Decision Tree
classification model.
Table 9: Classification result of Decision Tree
classification model
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Also an attempt is made to classify class 2 web
multimedia data using DT and SVM models. There are 4
combinations of class 2 multimedia data are Audio, Image
and Text (AIT), Video, Audio and Image (VAI), Video,
Audio and Text (VAT) and Video, Image and Text (VIT).
It is observed combination of class2 is VAI (video, audio
and image) from the Decision tree experimental result
that, out of 247 instances, 234 tuples are correctly
classified and 13 tuples are incorrectly classified by the
Decision tree classification model. The class labels
‘sports’ has highest precision and accuracy. Also the falls
positive rate of ‘sports’ is very less with respectively. In
the ‘news’ class label out of 100 records 99 are correctly
classified and 1were incorrectly classified by DT model.
However the falls positive rate of class label ‘news’ is high
as compare to remaining class label.
The overall efficiency of Decision tree classification of
class 2 combination VAI is found 94.7% is high as
compare to remaining class 2 combinations.
The support vector machine experimental result shows
that Combination of class2 is VAT, out of 247 instances,
220 tuples are correctly classified and 27 tuples are
incorrectly classified by the SVM classification model.
The class label ‘sports’ has highest precision and
accuracy. Also the falls positive rate of ‘sports s’ is very
less with respectively. In the ‘News’ Class label out of 100
records 90 are correctly classified and 10 were incorrectly
classified by SVM model. However the falls positive rate
of class labels ‘News’ is high as compare to remaining
class label. The overall efficiency of SVM classification of
class 2 combination VAT is found 89% is high as
compare to remaining class 2 combinations. Table 10
represents classification result obtained by the Decision
Tree classification model.
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Table 11: Class-3 Classifiers with Accuracy, Error rate
values

Table 12: Classification result of Decision Tree
classification model

The class3 is combination of all the 2 basic components of
multimedia data. The performance of the model is
measured in terms of number of correctly classified from
the training data set the error rates and accuracy using
classifiers are evaluated. The error rates of class2
combinations for Decision tree and SVM classifiers are
compared and shown in Table 11.
The combination of class 3 is video audio and image it
could be observed that decision tree of classifier has least
error rate and SVM classifier combination of video audio
and text has least error rate when both compared with
other class 3 classifiers in predicting multimedia data. The
error rates and accuracies of each classifier are listed in
Table 11. Among them Decision tree sounds better with
5.668% error rate and 94.332% accuracy. From this result
we can infer that out of two classifiers decision tree suits
best for predicting multimedia data. Table 12 represents
classification result obtained by the Decision Tree
classification model.
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compare to remaining class 3 combinations. Table 13
represents classification result obtained by the Decision
Tree classification model.
Table 13: Classification result of SVM classification
model

There are 6 combinations of class3 multimedia data are
Video and Audio (VA), Video and Image (VI), Video and
Text (VT), Audio and Image (AI), Audio and Text (AT)
and Image and Text (IT). It is observed Decision tree
experimental result that, out of 233 instances, 214 tuples
are correctly classified and 14 tuples are incorrectly
classified by the Decision tree classification model for
class2 multimedia data. The class labels ‘sports’ has
highest precision and accuracy. Also the falls positive rate
of ‘sports’ is very less with respectively. In the ‘news’
class label out of 100 records 98 are correctly classified
and 2were incorrectly classified by DT model. However
the falls positive rate of class label ‘news’ is high as
compare to remaining class label. The overall efficiency
of Decision tree classification of class 3 combination VI is
found 94.332% is high as compare to remaining class 3
combinations.
The support vector machine experimental result shows out
of 247 instances, 222 tuples are correctly classified and 25
tuples are incorrectly classified. The class label
‘Entrainment’ has highest precision and accuracy. Also
the falls positive rate of ‘sports s’ is very less with
respectively. In the ‘News’ Class label out of 100 records
90 are correctly classified and 10 were incorrectly
classified by SVM model. However the falls positive rate
of class labels ‘News’ is high as compare to remaining
class label. The overall efficiency of SVM classification of
class 3 combination VA is found 89.879% is high as
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5. CONCLUSION AND FUTURE WORK
This work is a novel approach to classify the multimedia
contents based on internal metadata such as- video bit rate
kbps, maximum bit rate kbps, width pixels, and height
pixels etc. The proposed work used Decision Tree and
Support Vector Machine (SVM) approach for
classification process. The web multimedia-video
metadata are extracted and stored and pre-processed in a
database for classification. In this research supervised
learning algorithms are compared to predict the best
classifier. An experimental result shows the effectiveness
of the proposed method. Model is also evaluated using
precision and recall and F-Score. The Decision Tree (DT)
and SVM classification algorithms are chosen to classify
the web multimedia-videos. The all class of multimedia
data classification results of DT and SVM classification
models are compared and found DT classification model is
more efficient. Also the SVM classification model has less
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efficiency web multimedia-video based on independent
attributes. The future work is to improve the classification
accuracy of SVM classification model on the classification
of web multimedia-videos.
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