
Abstract
Audio mining is to extract audio signals for indicating patterns 
and features of audio data to get data mining results. Various audio 
features like Mel frequency Cepstral Coefficient (MFCC), Linear 
Predictive Coefficient (LPC), Compactness, Spectral Flux (SF), 
Band Periodicity (BP), Zero Crossing Rate (ZCR) etc are used 
to classify audio data into various classes. Various classification 
algorithms such as Naive Bayes, FT, J48, ID3 and LibSVM are 
used to classify audio data into defined classes. Using various 
performance parameters such as True Positive (TP) Rate, False 
Positive (FP) Rate etc., results of various classification algorithms 
are compared. 
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I. Introduction
Audio data is available at various sources such as telephone 
conversations, recordings of meetings, newscasts, etc. and the 
amount of audio data on web and other information storehouses 
is increasing day by day. By searching and indexing the digitized 
audio content users want to make the most of this material. In the 
past, using computers it was difficult to recognize, interpret, and 
analyze digitized speech so, companies had to create and manually 
analyze written transcripts of audio content. However, with the 
development of larger storage capacities, faster microprocessors 
and better Speech-recognition algorithms it is possible to extract 
audio content using audio mining.  
MP3 format is the most widely used audio format because of its 
good sound quality with better compression techniques which 
helps in saving a lot of storage space. On the other hand PCM 
format is the basic format where audio data is saved without 
compression and no extra header information is attached to it. 
Audio data in various audio formats is used for audio mining to 
classify them into various classes.
According to Paul Mc Fedries [9], “Audio Mining is the process 
of extracting and indexing the words in an audio file and using 
that index to search the file for specific words or phrases”. 
According to States Hall [8], “Audio mining technology combines 
speech recognition, language processing, and intelligent indexing 
and search algorithms to transcribe the content of audio or video 
broadcasts into computerized text information”. 
According to Dragon Systems [10], a technology that indexes 
and searches audio recordings for speech content, audio mining 
technology converts audio data into searchable text, which is 
easily accessible by keyword searching. This new capabilities 
eliminates the need to listen to hours of recordings to find necessary 
information, which saves time and increases productivity. It gives 
users immediate random access to recorded materials and enables 
them to access material using its speech content [1]. 
Various features are extracted from audio signals to indicate the 
patterns and features of data mining results. With patterns of 
sound and music, listening to pitches, rhythms, tune and melody, 
anything interesting or unusual is identified. Audio mining is also 
defined as a speaker-independent, speech recognition technique 
that is used to search audio or video files for occurrences of spoken 

words or phrases.

A. Classic Information Retrieval Problem
The Classic Information Retrieval Problem [2] is to locate the 
desired text documents consisting of a number of keywords using 
a search query. A document is regarded as being more relevant if 
it has higher number of query terms. Text similarity is measured 
by counting the number of words in common. Common term-
matching approaches are useless for audio due to the simple lack 
of identifiable words in audio documents. Linearity of audio files 
is another issue. The entire audio file must be auditioned from 
start to finish, to ensure that nothing important is missed, which 
takes significant time.

Fig.1: Classical Information Retrieval

Audio mining also called audio searching takes a text-based query 
and locates the search term or phrase in an audio file. This helps 
users to quickly get to specific places in a recorded conversation, 
for example to determine whether a company is mentioned in a 
newscast. Audio indexing [2] uses speech recognition to analyze 
an entire file and produce a searchable index of content containing 
words and their locations.
 Audio content is in a binary format and is not readily searchable. 
So, audio content has to be indexed to enable searching.  It is 
studied that as classical text document analysis uses the concept 
of keywords, an unsupervised approach to discover key audio 
elements in audio documents is employed which can be considered 
equivalents to the text key words, and can therefore be referred 
to as an audio word enabling content-based audio analysis. Word 
importance is also determined from tf-idf weights.

B. Issues in Audio Mining
Audio mining processes and searches data many times faster than 
a human could, however, its accuracy levels are relatively low, 
when used in real-time environment and some products are very 
expensive. Audio mining error rates vary widely depending on 
factors such as background noise and cross talk.  Audio mining 
has issues distinguishing between speakers, and time stamps are 
also not always accurate. Audio mining is domain specific, i.e., 
it is trained for specific applications or categories of speakers. 
These issues makes audio mining task difficult.

C. Audio Data Conversion
The audio data is available in many formats. It has been observed 
that PCM format is a suitable format for processing of data, as 
it only contains audio data and no header information is added 
to it. PCM contain data contains data in uncompressed format 
so; it is easy and quick to read. Here Sample Format is manually 
set to 16bits and Bit rate to 16000 Hz (Samples per second) for 
feature extraction.
These values are chosen because any sample rate less than this 
will observe decreased quality of audio and it would be difficult 
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to get significant information out of it.  Similarly, higher sample 
rate may cause extra overhead in computation.

D. Audio Size
The size of audio media is an important consideration in applications 
involving audio. The storage needed for the audio data, and the 
time needed for download and transmission from the internet are 
important concerns. For the success of audio applications, it is 
important to make media objects small in sizes. 
Long but not exactly repeating sounds, would require huge storage. 
In many applications, there is a need for a simple sound of arbitrary 
length, such sounds are relatively monotonic, simple in structure, 
and have repeated yet possibly variable sound patterns.

E. Audio Mining Approaches

                                              
Fig. 2 : Audio Mining Approaches

1. Text-based Indexing [2]
Text-based indexing is also known as large-vocabulary continuous 
speech recognition; it converts speech to text and identifies words 
in a dictionary that contain thousands of entries. If a word or name 
is not in the dictionary, the Large Vocabulary Continuous Speech 
Recognition (LVCSR) system will choose the most similar word 
it can find. To create a confidence level for its results this system 
uses language understanding. The system offers other possible 
word matches for results with less than a 100 percent confidence 
level. 

2. Phoneme-based Indexing [2]
Phonemes are the smallest unit of speech in a language, for 
example the long “a” sound that distinguishes one utterance from 
another. All words are sets of phonemes. Phoneme based indexing 
works only with sounds. The system doesn’t convert speech to 
text rather it first analyzes and identifies sounds in a piece of 
audio content to create a phonetic based index and then it uses a 
dictionary of several phonemes to convert a user’s search term to 
the correct phoneme string.  Then the system looks for the search 
terms in the index. 
A phonetic system phoneticizes the query term, and then tries to 
match it with the existing phonetic string output so, it requires a 
more proprietary search tool. In audio data as many words sound 
alike or sound like parts of other words so, phoneme based search 
can result in more false matches than the text-based approach for 
short search terms. Unless the phoneme sequences or entire word 
is recognized, of which the phoneme is a part, it is difficult for a 
phonetic system to accurately classify a phoneme.

F. Audio Texture
Audio Texture [3] is an efficient method for generating sounds 
from example clips. Audio texture provides an efficient means 
of synthesizing continuous, perceptually meaningful, yet non-
repetitive audio stream from an example audio clip. Perceptually 
meaningful implies that the synthesized audio stream is perceptually 
similar to the given example clip.
For generating audio textures a two-stage method is proposed –

1. Analysis stage
In this stage by extracting its building patterns or equivalently 
finding pattern breakpoints the example clip is analyzed and 
segmented into sub-clips. This step is based on the similarity 
measures between each two frames according to their Mel 
frequency cepstral coefficients (MFCCs). 

2. Synthesis stage
In this stage the sequence to play the sub-clips or building patterns 
is decided. Variable effects can be combined into the building 
patterns to avoid monotony of the synthesized audio stream. 

Fig. 3 : Method to generate Audio Texture

II. Audio Classification 
Following classification algorithms [4] are selected to correctly 
classify audio data:

A. Naive Bayes Classifier:
Bayesian classifiers are statistical classifiers. They help in predicting 
class membership probabilities, such as a probability that a given 
tuples belongs to a particular class. Bayesian classification is based 
on Bayes Theorem. Naïve Bayes classifier is the simplest of the 
Bayesian classifiers. Naïve Bayesian classifiers are based on the 
assumption that the effect of an attribute value on a given class is 
independent of the values of the other attributes. This assumption 
is called class conditional independence. 
Naïve Bayes classifier assumes that the presence (or absence) of a 
particular feature of a class is unrelated to the presence (or absence) 
of any other feature. For example, a fruit may be considered to 
be an apple if it is red, round, and about 4” in diameter. Even 
if these features depend on each other or upon the existence of 
the other features, a Naive Bayes classifier considers all of these 
properties to independently contribute to the probability that this 
fruit is an apple. 
An advantage of the Naive Bayes classifier is that it only requires 
a small amount of training data to estimate the parameters such as 
means and variances of the variables necessary for classification. 
Because independent variables are assumed, only the variances 
of the variables for each class need to be determined and not the 
entire covariance matrix.

B. J4.8 Algorithm
It is an implementation of the decision tree learner. J4.8 implements 
a later and slightly improved version called C4.5 Revision 
8, developed by J. Ross Quinlan, which was the last public 
version of this family of algorithms before C5.0, a commercial 
implementation, was released. The J48 algorithm gives several 
options related to tree pruning. Pruning produces fewer, more 
easily interpreted results. Pruning can be used as a tool to correct 
for potential over fitting.
The basic algorithm recursively classifies until each leaf is pure, 
meaning that the data has been categorized as close to perfect 
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as possible. This process ensures maximum accuracy on the 
training data, but it may create excessive rules and when tested 
on new data, the rules may be less effective. Pruning reduces the 
accuracy of a model on training data. This is because pruning 
employs various means to relax the specificity of the decision tree, 
hopefully improving its performance on test data. So, a decision 
tree is gradually generalized until it gains a balance of flexibility 
and accuracy. 

Fig. 4 : J48 Pruning Method

J48 employs two pruning methods:

1. Sub-Tree Replacement
This means that nodes in a decision tree may be replaced with a 
leaf, basically reducing the number of tests along a certain path. 
This process starts from the leaves of the fully formed tree, and 
works backwards toward the root.

2. Sub-Tree Raising
In this case, a node may be moved upwards towards the root of 
the tree, replacing other nodes along the way. Sub-tree raising 
often has a negligible effect on decision tree models. There are 
several other options that determine the specificity of the model. 
The minimum number of instances per leaf is one powerful option. 
This allows dictating the lowest number of instances that can 
constitute a leaf. The higher the number, the more general is the 
tree. Lowering the number produces more specific trees, as the 
leaves become more granular.
The J48 Decision tree classifier follows simple algorithm. In 
order to classify a new item, based on the attribute values of the 
available training data, it first creates a decision tree. It identifies 
the attribute that discriminates the various instances most clearly. 
This feature with the highest information gain value helps in 
classification. Among the possible values of this feature, if there 
is any value for which there is no ambiguity, that is, for which 
the data instances falling within its category have the same value 
for the target variable, then that branch is terminated and target 
value is assigned to it that have been obtained.

C. FT and ID3 Algorithm
FT is functional trees classifier. Its execution time is higher than 
other classification algorithms but it gives good classification 
results.
In decision tree learning, Iterative Dichotomiser 3 (ID3) is 
an algorithm used to generate a decision tree. ID3 builds a decision 
tree from a fixed set of examples. The resulting tree is used to 
classify future samples. The example has several attributes and 
belongs to a class like yes or no. The non-leaf nodes are the 
decision node and the leaf nodes of the decision tree contain the 
class names.
ID3 uses information gain to help it decide which attribute goes 
into a decision node. The advantage of learning a decision tree 
is that a program, rather than a knowledge engineer, obtains 
knowledge from an expert.

The ID3 algorithm can be summarized as follows:
• Take all unused attributes and count their entropy concerning 

test samples
• Choose attribute for which entropy is minimum (or, 

equivalently, information gain is maximum)
• Make node containing that attribute

D. Support Vector Machines (SVM)
Developed by Vladimir Vapnik and his co-workers at AT&T 
Bell Labs in the mid 90’s, Support Vector Machines (SVM) is a 
set of related supervised machine learning approaches used for 
classification and regression. 
SVM is a concept in computer science for a set of related supervised 
learning methods that analyze data and recognize patterns. It is 
used for classification and regression analysis. The standard SVM 
takes a set of input data and predicts, for each given input, which 
of two possible classes the input is a member of, which makes 
the SVM a non-probabilistic binary linear classifier. Given a set 
of training examples, each marked as belonging to one of two 
categories, an SVM training algorithm builds a model that assigns 
new examples into one category or the other. An SVM model is a 
representation of the examples as points in space, mapped so that 
the examples of the separate categories are divided by a clear gap 
that is as wide as possible. New examples are then mapped into 
that same space and predicted to belong to a category based on 
which side of the gap they fall on.
SVM constructs a hyperplane or set of hyperplanes in a high- or 
infinite- dimensional space, which can be used for classification, 
regression, or other tasks. A good separation is achieved by the 
hyperplane that has the largest distance to the nearest training 
data points of any class, since the larger the margin the lower 
the generalization error of the classifier.
Whereas the original problem may be stated in a finite dimensional 
space, it often happens that in that space the sets to be discriminated 
are not linearly separable. For this reason it was proposed that the 
original finite-dimensional space be mapped into a much higher-
dimensional space, presumably making the separation easier in 
that space. SVM schemes use a mapping into a larger space so that 
cross products may be computed easily in terms of the variables in 
the original space, making the computational load reasonable. 
The cross products in the larger space are defined in terms of a kernel 
function  selected to suit the problem. The hyperplanes in 
the higher dimensional space are defined as the set of points whose 
inner product with a vector in that space is constant. The vectors 
defining the hyperplanes can be chosen to be linear combinations 
with parameters αi of images of feature vectors that occur in the 
data base. With this choice of a hyperplane the points x in the 
feature space that are mapped into the hyperplane are defined 
by the relation:

   ……2.1

If  becomes small as y grows further from x, each element 
in the sum measures the degree of closeness of the test point x to 
the corresponding data base point xi. In this way the sum of kernels 
above can be used to measure the relative nearness of each test 
point to the data points originating in one or the other of the sets 
to be discriminated. Note the fact that the set of points x mapped 
into any hyperplane can be quite convoluted as a result allowing 
much more complex discrimination between sets far from convex 
in the original space.
SVM is based on the concept of decision planes that define decision 
boundaries.  A decision plane is one that separates between a set 
of objects having different class memberships. SVM views the 
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input data as two sets of vectors in an n-dimensional space. The 
vectors that constrain the width of the margin are the support 
vectors.  It constructs a separating hyperplane in that space, one 
of which maximizes the margin between the two data sets.  To 
calculate the margin, two parallel hyper-planes are constructed, 
one on each side of the separating hyper-plane, which is pushed 
up against the two data sets. A good separation is achieved by the 
hyper-plane that has the largest distance to the neighboring data 
points of both classes, since in general the larger the margin the 
lower the generalization error of the classifier. This hyper-plane 
is found by using the support-vectors and margins. 

Fig. 5 : A 2-D Hyperplane in SVM

As studied, the simplest way to divide two groups is with a straight 
line, flat plane or an N-dimensional hyper plane. 

Fig. 6 : Non-Linear Curves in SVM

Rather than fitting nonlinear curves to the data, SVM handles this 
by using a kernel function to map the data into a different space 
where a hyper plane can be used to do the separation. Kernel 
function is very powerful. It allows SVM models to perform 
separations even with very complex boundaries.
SVM has been used in various application domains such as:
Text classification, Bioinformatics, Business and Marketing, 
Chemical applications etc. Based on the advantages of the above 
mentioned algorithms, they are used to correctly classify audio 
data using performance parameters. Given some training data D, 
a set of n points of the form

       ...2.2           
where the yi is either 1 or −1, indicating the class to which the 
point xi belongs. Each xi is a p-dimensional real vector. To find the 
maximum-margin hyperplane that divides the points having yi = 
1 from those having yi = − 1 any hyperplane can be written as the 
set of points x satisfying
Where, dot denotes the dot product. The vector w is a normal vector: 
it is perpendicular to the hyperplane. The parameter  determines 
the offset of the hyperplane from the origin along the normal 
vector w.
To choose the w and b to maximize the margin, or distance between 
the parallel hyperplanes that are as far apart as possible while still 
separating the data. These hyperplanes can be described by the 

equation  and 

If the training data are linearly separable, the two hyperplanes 
can be selected of the margin in a way that there are no points 
between them and then try to maximize their distance. By using 
geometry, the distance between these two hyperplanes is found 
to be,  so to minimize . To prevent data points from falling 
into the margin, following constraint are added: 
for each i either

for xi of the first class              ………………2.3
or

 for xi of the second class           ………...……2.4

This can be rewritten as:

,
for all           ………………2.5

This can be put together to get the optimization problem:

|w| subject to (for any i= 1,2,…….n)
         …………………2.6
Maximum-margin hyperplane and margins for an SVM are trained 
with samples from two classes. Samples on the margin are called 
the support vectors.
SVMs belong to a family of generalized linear classifiers and 
can be interpreted as an extension of the perceptron. They can 
simultaneously minimize the empirical classification error and 
maximize the geometric margin; hence they are also known 
as maximum margin classifiers.
The original optimal hyperplane algorithm proposed by Vapnik 
in 1963 was a linear classifier. However, in 1992, Bernhard 
Boser, Isabelle Guyon and Vapnik suggested a way to create 
nonlinear classifiers by applying the kernels originally 
proposed by Aizerman et al [5]. The resulting algorithm is 
formally similar, except that every dot product is replaced by a 
nonlinear kernel function.

Fig. 7: SVM Margins

This allows the algorithm to fit the maximum-margin hyperplane in 
a transformed feature space. The transformation may be nonlinear 
and the transformed space high dimensional; thus though the 
classifier is a hyperplane in the high-dimensional feature space, 
it may be nonlinear in the original input space. The effectiveness 
of SVM depends on the selection of kernel and the kernel’s 
parameters.
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Based on the advantages of the above mentioned algorithms, 
they are used to correctly classify audio data using performance 
parameters.
A collection of machine learning algorithms for data mining tasks 
is used to classify audio data. The audio data is input in .csv format 
or .arff format.

III. Audio Classification Process 
Audio features are extracted from audio data for audio classification. 
The audio data is first preprocessed and then various audio 
classification algorithms are applied on it.

Fig. 8 : Audio Classification Process

Fig. 8 shows the audio classification process. A step by step 
procedure is followed to correctly classify audio data.  Preprocessing 
and audio classification steps are discussed as below:

Preprocessing
The dataset is preprocessed using various filters and then the 
features are ranked. The audio data in numeric format is first 
discretised to reduce learning time and is then converted from 
numeric to nominal attributes, as some classifiers only process 
nominal data. 
To select a desired feature set, Information Gain is calculated 
for each feature set which helps in ranking audio features, where 
the most relevant attributes are selected from the audio data. 
Minimal feature set is found for each classification algorithm 
using performance parameters and finding stabilized results. 
Further, classification algorithms are applied on selected number 
of features.

Classification 
Classification is done using different classification algorithms. 
Training and testing set is formed and classification is done on 
different algorithms. With increasing percentage split performance 
parameters are evaluated and comparison is made among various 
selected classification algorithms. A hybrid algorithm, LibSVM 
[6] is proposed for classification and is compared with other 
classification algorithms.

A. Audio Classification Model
Fig. 9 shows the audio classification model. Audio features are 
extracted from audio data for classification. Audio data is divided 
into training and testing set. A minimal feature set is extracted 
from audio features. 
A classifier model is build using minimal feature set and training 
data and using a test set, the classifier model is further tested. Naïve 
Bayes, ID3, J48, FT and LibSVM algorithms are used to correctly 
classify audio data. The results obtained from the classifier model 
are further analyzed using performance parameters.

Fig. 9 : Audio Classification Model

B. Performance Parameters
The comparison of various classification algorithms is done on 
the basis of following performance parameters:
TP Rate: The True Positive (TP) rate is the proportion of examples 
which were classified as class x, among all examples which truly 
have class x, i.e. how much part of the class was captured. It is 
equivalent to Recall. In the confusion matrix, this is the diagonal 
element divided by the sum over the relevant row.
FP Rate: The False Positive (FP) rate is the proportion of examples 
which were classified as class x, but belong to a different class, 
among all examples which are not of class x. In the confusion 
matrix, this is the column sum of class x minus the diagonal 
element, divided by the rows sums of all other classes.
Precision: The Precision is the proportion of the examples which 
truly have class among all those which were classified as class 
x. In the matrix, this is the diagonal element divided by the sum 
over the relevant column.
F-Measure: The F-Measure is [2*Precision*Recall/ 
(Precision+Recall)], a combined measure for precision and recall. 
These measures are useful for comparing classifiers.

IV. Results 
In this section, dataset used and the steps performed for audio 
mining process are discussed. A GUI for audio feature extractor 
along with the ranked feature set is shown here. The results 
computed for the various experiments performed, using audio data 
set are also presented. Performance parameters used to compute 
the classification results and the analysis of the experimental 
values obtained is discussed here in details.  

A. Dataset
The audio data is selected of 5 types: Hindi, English, Punjabi, 
Old and Soft. Based upon the type of audio data, the audio data 
selected is divided into 5 classes. 
Following are the number of audio records of each audio type 
selected for audio classification.  
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Table 1:  Size of dataset
Audio Type Number
Hindi 193
English 165
Punjabi 40
Old 127
Soft 22
Total 547

B. Learning Rate
Using classification algorithms and performance parameters such 
as TP and FP Rate, following results are obtained. A learning curve 
is drawn using training rate and performance parameters. The 
training set is formed by using percentage split between training 
and testing data. The graph in Fig. 10 shows increasing TP Rate 
of all the algorithms with increasing training set. Training set is 
formed using percentage split. Training and test sets are formed 
and training set is increased gradually from 1% to 99%.

Fig. 10 : Increasing TP Rate with increasing Training Set

It is observed that, with increasing training set TP Rate increases 
and Naïve Bayes and LibSVM algorithm shows best results 
compared to other algorithms such as FT, J48 and ID3 classification 
algorithm. 

The graph in fig. 11 shows decreasing FP Rate of all the algorithms 
with increasing training set. Training set is formed using percentage 
split. Training and test sets are formed and training set is increased 
gradually from 1% to 99%. It is observed that, with increasing 
training set FP Rate decreases and Naïve Bayes and LibSVM 
algorithm shows best results compared to other algorithms such 
as FT, J48 and ID3 classification algorithm.

From the learning rate of all the classification algorithms, it is 
observed that Naïve Bayes and LibSVM algorithm shows best 
results compared to other algorithms. TP Rate of Naïve Bayes and 
LibSVM is higher than FT, J48 and ID3 algorithm and FP Rate 
is lower than other algorithms.

Fig. 11 : Decreasing FP Rate with increasing Training Set

It is observed that LibSVM and Naïve Bayes algorithm gets 
stabalised at minimum fetature set 8 and show better results as 
compared to FT, ID3 and J48 algorithms which get stabalised at 
minimum feature set 9, so, it is better to use these algorithms for 
audio classification.

C. ROC Area
Receiver Operating Characteristic (ROC) is used as a performance 
parameter for comparing various classification algorithms. ROC 
Curve is also called threshold curve. ROC Area of different 
classification algorithms is compared on the basis of ROC Area 
values using 5-Fold cross validation.
Cross Validation (CV): CV uses n number of folds, where n is 
specified. The dataset is randomly reordered and then split into n 
folds of equal size. In each iteration, one fold is used for testing 
and the other n-1 folds are used for training the classifier. 
The test results are collected and averaged over all folds. This 
gives the cross-validation estimate of the accuracy. The folds can 
be purely random or slightly modified to create the same class 
distributions in each fold as in the complete dataset. In the latter 
case the cross-validation is called stratified. 
Leave-one-out cross-validation signifies that n is equal to the 
number of examples. Leave-one-out cross-validation is non-
stratified, i.e. the class distributions in the test set are not related 
to those in the training data. 
Therefore Leave-one-out cross-validation tends to give less 
reliable results. However it is quite useful for small datasets since 
it utilizes the greatest amount of training data from the dataset. 
K-fold cross-validation (k-fold cv) splits the data D in m equal 
parts D1, . . . , Dm. Training set Dt is obtained by removing part 
Di from D. Typical values for m are 5, 10 and 20. 
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Fig. 12 : ROC Area of Algorithms

From the graph in Fig. 12, it is observed that, ID3 has lowest ROC 
Area where as J48 and Naïve Bayes algorithms have highest ROC 
Area. FT Algorithm has slightly lower ROC Area as compared to 
J48 and Naïve Bayes Algorithms but, it is much higher than ID3 
Classification Algorithm. LibSVM also shows lower ROC Area 
as compared to FT, J48 and Naïve Bayes Algorithms.
Table 4.2 shows the ROC Area calculated for different classification 
algorithms selecting their minimal feature set values for each 
algorithm at 5-Fold Cross Validation. It is observed that Naïve 
Bayes algorithm shows highest and ID3 Algorithm shows lowest 
ROC Area value. 

Table 2: ROC Area of Different Algorithms
Algorithm Min. Feature Set ROC Area
FT 9 0.938
ID3 9 0.892
J48 9 0.945
Naïve 8 0.945
LibSVM 8 0.921

D. Confusion Matrix
The confusion matrix [7] is more commonly called contingency 
table. It shows how many instances have been assigned to each 
class. Elements, here shows the number of test examples whose 
actual class is the row and whose predicted class is the column.  
Confusion matrix can be of arbitrarily large size. 
Based upon the values of confusion matrix, various performance 
parameters are computed as below:
• The number of correctly classified instances in the confusion 

matrix is the sum of diagonals in the matrix and all others 
instances are incorrectly classified. 

• In the confusion matrix, the diagonal element divided by the 
sum over the relevant row gives value of TP Rate.

• FP Rate is calculated using the column sum of a class minus 
the diagonal element, divided by the rows sums of all other 
classes. 

• Diagonal element divided by the sum over the relevant 
column, gives precision value.

On classification, following confusion matrix is obtained for each 
algorithm. 

1. Confusion Matrix for LibSVM 
Table 3: Confusion Matrix for LibSVM

a b c d e Classified as
173 17 1 0 2 a Hindi
9 155 1 0 0 b English
4 7 11 0 0 c Soft
0 0 0 126 1 d Old
8 14 0 0 18 e Punjabi

2. Confusion Matrix for Naïve Bayes
Table 4 : Confusion Matrix for Naïve Bayes 

a b c d e Classified as
157 25 4 4 3 a Hindi
6 151 4 0 4 b English
0 7 13 0 2 c Soft
1 3 1 120 2 d Old
8 11 3 4 14 e Punjabi

3. Confusion Matrix for J48
Table 5: Confusion Matrix for J48

a b c d e Classified as
174 16 0 0 3 a Hindi
7 152 5 1 0 b English
2 9 10 0 1 c Soft
4 1 0 122 0 d Old
7 9 2 6 16 e Punjabi

4. Confusion Matrix for FT
Table 6: Confusion Matrix for FT

a b c d e Classified as
168 13 4 4 4 a Hindi
10 145 4 0 6 b English
3 4 12 0 3 c Soft
1 0 1 121 4 d Old
4 9 3 3 21 e Punjabi

5. Confusion Matrix for ID3
Table 7 : Confusion Matrix for ID3

a b c d e Classified as
159 11 4 5 2 a Hindi
12 137 3 0 2 b English
4 3 8 1 1 c Soft
2 0 0 121 0 d Old
3 4 1 1 21 e Punjabi

From the above tables, it is concluded that, LibSVM gives best 
results, as compared to other classification algorithms. The audio 
data here is classified into 5 classes: Hindi, English, Soft, Old 
and Punjabi. Other algorithms have lower values of performance 
parameters, computed using confusion matrix such as TP Rate, 
FP Rate, and Precision etc
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V. Conclusion
For different classification algorithms chosen, minimum feature set 
varies from 8 to 9. The TP Rate increases and the FP Rate decreases 
with the increase and decrease in training set respectively.  LibSVM 
Algorithm is implemented using open source and its performance 
is compared to other classification algorithms.  LibSVM and Naïve 
Bayes Algorithm show best results with highest TP Rate and lowest 
FP Rate. 

VI. Future Prospects
The research work can be taken a step forward and various future 
prospects can be explored. Some of these are:
1. The million order dataset can be selected and audio 

classification can be done on larger dataset. With increased 
size of dataset various issues such as uploading data, 
managing feature set, simultaneous preprocessing of audio 
data, increased execution time of classification algorithms 
etc. can be considered.

2. If size of audio data is increased, LibSVM may not be able to 
give desired results with linear kernel. In that case, non-linear 
SVM kernels can be used to give better results.

3. More audio features can be extracted for better classification. 
Various combinations of preexisting features can be used to 
correctly classify audio data.

4. In recent years, different classification algorithms have been 
proposed in other domains such as videos and text data, 
these classification algorithms can also be implemented for 
audio. 

5. New compressed audio formats like MPEG-7 and their 
features can be used for audio classification.

6. ‘Localization of sound’ can also be used as a feature for 
audio classification.

7. While converting data in PCM Format, some information is 
lost. So, MIDI Format can be used for feature extraction.

8. A new framework can be implemented with various audio 
features and different audio classification methods embedded 
in a single application.
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