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Abstract: With the rapid growing amount of multimedia, content-based information retrieval has become more and more
important. As such, the increasing amount of multimedia information available highlights the need to develop systems able to
automatically describe this information for more efficient filtering, retrieval and, in general, management. The goal is to allow
that the huge amount of multimedia content available can be filtered, searched for, managed and consumed in a thoughtful,
flexible, fast and efficient way. There is an increasing need to summarize and personalize audio-visual content. The main
challenge is to index information retained in video in order to make them searchable and thus (re-) usable. This requires the
multimedia content to be annotated, which can either be done manually or automatically. In this proposed system, SVM is
combined with HMM based on audio features which are used to classify sound effect types including gunshot, scream, Aircraft,
Car, Speech with Crowd, Music, Horror, Battle, Comic, Background Crowd, Train, Truck and Vehicle.

Keywords: Support Vector Machine, Hidden Markov Model.

I. INTRODUCTION

Sound effect are used in most of the movies especially
action movies. They did not use the real sound and they make
sound effect such as waterfall, train, car, fighting scene and
explosion. Understanding of the scene content of a video
sequence is very important for content-based indexing and
retrieval of multimedia databases. This system is proposed to
provide indexing and retrieving the most interesting and
important events of the movie to attract the viewer by using
the classified audio categories. The propose system is
extracted audio features and make the model by using audio
feature vector and classify the audio class to detect and
recognize video scenes. Sound event types such as gunshot,
scream, car-breaking, people talking, laughter, fighting,
shouting and crowd background can provide to detect the
abnormal case in our environment. These classes are used to
get the safe place and protect the dangerous place. It is still
challenging task to develop an automatic system to fully
understand the video content, although several feature sets
and machine learning algorithms have been tested, providing
choices of speed and performance for a target system.

This is important that incorrectly labeled training samples
can significantly reduce classification performance. This
approach is to achieve high accuracy in classifying of mixed
types of audio by combining two types of classifiers that are
Hidden Markov Model (HMM) and Support Vector Machine
(SVM). Before performing the actual data mining process,
for the sake of accuracy and efficiency, a pre-filtering
process is needed to clean data. Although all these features
can be used to distinguish audio, some features may contain
more information than others. Using only a small set of the

most powerful features will reduce the time for feature
extraction and classification.

Il. RELATED WORK

The classification of audio signals using SVM and
RBFNN was proposed in [1]. Linear predictive coefficients,
linear predictive cepstral coefficients and mel-frequency
cepstral coefficients audio features are calculated as features
to characterize audio content. S. Jain and R.S. Jadon [2]
focused on neural net learning based method for
characterization of movies using audio information. They
characterized the movie clips into action and non-action. In
[3] they performed an empirical feature analysis for audio
environment characterization and proposed to use the
matching pursuit (MP) algorithm to obtain effective time—
frequency features. Wan et al. [4] proposed an interesting
system to automatically insert virtual content (advertisement,
logo, etc) into an existing sports video. Most current
researches only involve limited classes of sounds e.g.
discrimination between music and speech or classification
among silence, music, speech and noise etc, [5]. Several
techniques have been employed for the purpose of classifying
an unknown sound.

The principle is to measure similarity between an input
feature vector and those of known sounds. In the early days
of speech processing, template matching between feature
vectors was used intuitively. Current acoustic research
favours stochastic models, which provide more flexibility
and more theoretically meaningful likelihood scores. Of
these, the most common approaches are GMM based
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methods [6], HMM [7], Nearest Neighbour methods [5],
Neural Network (NN) variants [8], Vector Quantization (VQ)
[6, 8] and Support Vector Machine (SVM) [5]. S. Gao Ma
and W. Wang [9] presented the discriminating fighting shots
in Action Movies by using the camera motion and SVM
classifier. Fighting shots are the highlights of action movies
and it is useful for many applications. V. Elaiyaraja and P.
Meenakshi [10] presented audio classification system by
using audio features and a frame-based multiclass support
vector machine. Speech recognition and analysis has also a
long tradition and is a matured research area that focuses in
the identification and recognition of input speech signals. For
further discussion on classification of general sound, refer to
[11].

The problem of segmentation and classification of content
is well researched (but still an open problem) in other video
domains, such as the news and film. Recently, the
nonparametric SVM has been applied to general audio
classification problems, such as excited speech detection
[12], musical instrument recognition and sound-effect
classification [13]. The audio classification and segmentation
techniques refer to research to classify and segment audio
streams into different sound classes such as speech, music
genre, background noise, etc. The techniques proposed in this
research have been widely employed in systems such as
multimedia indexing and retrieval systems [14, 15],
multimedia content analysis frameworks [16] and
applications such as speaker idolization [17].

I1l. BACKGROUND THEORY

A. Feature Extraction

One of the most important parts of automated audio
classification is the choice of features or properties. Features
serve as the input to pattern recognition systems and are the
basis upon which classifications are made. Most audio
classification systems combine two processing stages: feature
extraction followed by classification. The following audio
features, described in detail below, are based on time domain
and frequency domain. In this system, audio clip-level
features are computed based on the frame-level features and
used a clip as the classification unit. For features such as
zero-crossing rate (ZCR), short-time energy (STE), volume
root mean square (VRMS) and volume dynamic range
(VDR), means of all frames in a given clip is computed as
basic clip-level features which are proved to be effective for
distinguishing speech, music and crowd background [18].
The mathematical representations of these features are
described as equation (1) to (4).

1 N-1
ZCR = 2ND) mstgn[x(m +1]- sgn[x(m)]|

Where sgn[.] is a sign function and x(m) is the discrete
audio signal, m=1.....N.

STE(m) =" (x(MW (n—m)) 2
m 0

where m is the time index of the short time energy, x(n) is the
discrete time audio signal, W(n) is the window (audio frame)

of length N where n=10,1,2,.....,N-1.

Volume Root Mean Square (VRMS): VRMS of the nth
frame is calculated, by the following formula:

VRMS (n) = /%Z S) o

Where Sn(i) is the ith sample in the nth frame audio signal,
and N is the total number of samples in the frame. In audios
with action in the background, volume of the frame does not
change much, while in non-action audios, there are silent
period between the speeches, and hence VDR is expected to
be higher. VDR is calculated as
VDR=[(MAX{v)-MIN®)/MAX(v)] @
Where MIN(v) and MAX(v) represent the minimum and
maximum volume within a clip respectively. MFCC is one of
the most popular feature extraction techniques used in audio
classification, whereby it is based on the frequency domain
of Mel scale for human ear scale.

B. Hidden Markov Model and Support Vector Machine
HMM has shown to be powerful statistical tool in speech
processing. The features extracted from the test’s video are
considered to be a sequence of events and then used as the
input for the HMM. It can automatically find the temporal
pattern of video scene streams. It represents a set of states
and the probabilities of making a transition from one state to
another state. The typical usage in video classification is to
train one HMM for each class. SVM models the boundary
between the classes instead of modelling the probability
density of each class (Gaussian Mixture, Hidden Markov
Models). SVM algorithm is a classification algorithm that
provides state-of-the-art performance in a wide variety of
application domains. In this method, the Gaussian Radial
Basis kernel will be used:
2
[ =

202 (5)

Where the output of the kernel is dependent on the
Euclidean distance of xj from xi(one of these will be the
support vector and the other will be the testing data point).
The support vector will be the centre of the RBF and ¢ will
determine the area of influence this support vector has over
the data space.

K (X, X;) =exp(—

IV. PROPOSED SYSTEM

In this proposed system, only audio information is used to
separate the different audio class because audio-based
analysis requires significantly less computation, it can be
used in a preprocessing stage before more comprehensive
analysis involving visual information. To provide automatic
scene extraction models, audio data is considered in order to
make the extraction results closer to human understanding
and audio in fact tells a lot about mood of the clip, the music
component, the noise, fast or slowness of the pace and the
human brain too can classify just on the base of audio. The
motivation of combining the HMM and SVM is to combine
the strong generalization ability of the SVM and the output
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probability of HMM for reducing audio features dimension
by modeling to select the best features for each class. In this
work, an audio clip is classified into one of thirteen classes.
To convey the information on audio file, the audio quality is
put with the sampling frequency of 44 kHz, bit rate of 128
kbps and mono channel. The first thing what to do is to
extract features and analyze in two levels: frame-level and
clip-level by using audio features ZCR, STE, VRMS, VDR
and MFCC which are proved to be effective for
distinguishing audio classes.

In this stage, the audio stream is analyzed into 1sec audio
clips with 0.5 sec overlap and each clip is divided into frames
of 20ms with non-overlapping. Before performing the actual
data mining process, for the sake of accuracy and efficiency,
a pre-filtering process is needed to clean data. To represent a
clip, a total of 17 features are extracted from each clip.
Although all these features can be used to distinguish audio,
some features may contain more information than others.
Using only a small set of the most powerful features will
reduce the time for feature extraction and classification.
Moreover, the existing research has shown that when the
number of training sample is limited, using a large feature set
may decrease the generality of a classifier. Therefore, each
audio class is modeled by using HMM to get the clean data
and effective features as shown in fig 1. Extracted audio
features using HMM are in the same dimension and in the
same vector space. So reducing feature dimension by using
HMM model can help the SVM to get the best training data
and to raise the classification speed and accuracy while SVM
classify the audio classes.

Extract Audio Files

Features Extraction Process

Probability Computation for Pre-
training Dataset by using Hidden ——
Markov Model (HMM)

Select Maximum Training
Dataset

Produce Audio
Classes such as
Gun Shot,
Scream, ..., etc.

Audio Classification by using
Support Vector Machine (SVM)

Fig.1. Proposed System Design.

V. EXPERIMENTAL RESULT
Audio features and HMM-SVM algorithm are applied to
classify the various sound effects which are used in most of
the movies. In this system thirteen kinds of 2000 audio files
consisting of two gigabytes of data are used. As the

preliminary investigation for audio feature analysis, five
hundred audio files are used as the training data and the other
one thousand and five hundred audio sound files are used for
testing. The effect of sound files are labelled and determined
with classes to obtain the ground truth. To convey the
information on extracted audio file, the audio quality is put
with the sampling frequency of 44 kHz, bit rate of 128 kbps
and mono channel. To extract features and analyse in two
levels: frame-level and clip-level by using audio features
ZCR, STE, VRMS, VDR and MFCC. The audio stream is
analysed into 1sec audio clips with 0.5 sec overlap and each
clip is divided into frames of 20ms with non-overlapping.
The same feature dimension is used in this experiment for
feature extraction. Sound effects for some events are quite
different in some cases and some are similar. Train and truck
sound are similar in most of the time and background crowd
and battle sound is frequently similar.

On the other hand, music, people talking and gunshot
sounds are quite different. All these sound are related with
events so these audio classes can be used in scene
segmentation and event detection. For example, gunshot, car
and battle sound can be used for determining the action scene
in movies and also the miserable scene can be detected by
using screaming and horror sound. Moreover, comic and
music is related to define the happy scene. The good
accuracy rate can get by using the clean training data set. So
the best features are selected to get the clean training data set
and speed up the process performance. The resulting
accuracy percentage from HMM model’s probability is used
to select the best features for classifying the sound file. The
following tables I, I, 11l and IV shows the result of testing
the audio features by using the possible combination. Some
examples are described. By using three features (1, 5, 11), the
maximum classification rate 90.7 for Gunshot is established
from Table I. Table Il shows the accuracy test result for
scream and three feature combinations are used to separate
this class from other classes.

In this experiment the training data sample is 5000 and the
testing data sample is 10978. Length of a clip is 1 second. By
using three features (2, 9, 11), the maximum classification
rate for scream is 81.31. By using three features (2, 5, 8), the
maximum classification rate for Car is 92.7 in the above
table. The classification accuracy resulted from the tests of
1500 audio files for all classes by using the selected features.
From the information, aircraft class is highest in accuracy
rate at about 97.23, and lowest in horror and train. Perhaps
surprisingly, the speech with crowd class also make far
greater rate than other classes. But overall classification
accuracy is exceeded average of 87%. In thirteen classes,
aircraft and speech with crowd appears to have the best
accuracy rate overall. In addition, train, truck and vehicle
classes have the least accuracy rate and the highest levels of
error recognition rate. The classification rate, according to
the tables, would be that there is a higher accuracy rate in all
classes in the sound effect.
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TABLE I: Accuracy Test Results For Gunshot TABLE IV: ACCURACY TEST RESULTS FOR

F (12 (13 [14 (15 (16 [1,7 [18 [ 19 CAR

T 53 iF| 2223|2425 [ 26 27| 28 29

4 [ 713 [ T4l > | 817

3 724 | 718 | T08 4 | 674 | 768

] 718 75 735 | 718 5 854 218 774

7 TLe (714 | 717 | 770 | BL3 6 | 668 | 736 | 683 | 763

] T2 (768 | 765 | 729 | 696 | 744 T | 788 | BT | BO.Z | BET | 764
TIR | 755 | 730 | 822 | 786 [ 752 [ 753 8§ | 893 | 909 | B8 | 927 | 841 | 909
T08 [ 743 | 372|703 | 711 | 698 [ T3 | 701 o | 373 | 743 | 583 | 764 | 644 | 744 | BEE
766 | B3 [ 861 [ 907 [ 851 | 863 [ 585 | 863 10 [ 406 [ 808 | 584 [ 836 [ 634 [ 751 906 331
TI6 | 717 | 696 | Tde | 793 [ TLT [ TRe | TOT 11 | 697 | 766 | 715 | 765 | 72.5 | 824 | BE3 | 66.1
60.1 | 733 | M5 | 677 | 733 | 718 | 766 | 670 12 | 750 | 811 | 707 | 841 | 695 | 815 | 856 | 561
TLT [ 731 | 737 | 717 [825 [ 731 | 736 | 701 13 | 658 | 792 | 689 | 820 | 668 | 735 | 85.7 | 551
706 | 713 | 66 | 617 | 685 | 685 ) TT1 | 48 15 | 511 | 810 | 659 | 843 | 671 | 789 | 86 | 372
721 | 756 | 798 | 87.6 | 840 | 778 | 810 | 813 16 | 644 | 823 | 69.9 [ 848 | 701 | 776 | 903 | 353
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VI. CONCLUSION

TABLE I: Accuracy Test Results for Scream This proposed system use HMM which is fast, simple and

JF |22 |23 |14 |25 |26 |37 |38 |29 multi-class with probability and can handle some degree of
4 731 overlapping between classes. SVMs are used to incorporate
5 | 705 | 698 | 707 with HMM to determine how to partition multiple classes in
6 [710 | 697 | 710 | 713 the system. The whole framework can be predictable more
7| 689 [ 670 | 689 | 710 | 42 flexibility and the accuracy of auditory feature analysis can
§ | 765 | 716 | 765 | 730 | 743 | 763 be improved to increase the overall event detection accuracy.
733 [ 707 | 740 | 715 | 726 | 726 | 762 Not only this system is designed to fulfil the requirement of
70 | 683 | 700|730 | 703 | 651 | 764 | 733 video viewer and to improve the dealings with video for
768 | 735 | 766 | 760 | 768 | 157 | 76 | 813 home user but also it provides the video editor and director.
716 | 703 | 732 | 710 | 733 | 687 | 760 | 738 The advantage of this proposed system is that sound event
69.5 | 708 | 696 [ 740 |69 | 668 | 748 | 701 types such as gunshot, scream, car-breaking, people talking,
716 |69 [ 716 | 713 | 734 | 693 [ 5 | LB laughter, fighting, shouting and crowd background can
736 |07 | 736 | TLE | 702 | 673 | T4l ) 724 provide to detect the abnormal case in our environment.
JLT | 685 | TL7 | 689 | 697 | 683 | 772 | T43 These classes are used to get the safe place and protect the
721 1735 [ 714 | 711 [ 745 | 683 | 776 | 75l dangerous place. The disadvantage of the system is that some
768 | 709 | Te6 | Te0 | TEE | 768 | 776 | 813 sound types are difficult to discriminate because of
background crowd. A more general classification system can
TABLE II: Accuracy Test Results for Aircraft differentiate between speech, music and other environmental
2 1 2 3 4 5 [ 7 ] sounds. Then, based on the result of classification, different
2 52.2 processing, indexing or retrieval techniques will be applied
3 547 [ 517 accordingly. More types of sound effect are still need to
E] 619 | 674 | 867 classify for further study.
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