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Abstract

The topic of this thesis work is soft computing based feature selection for environmental sound
classification.

Environmental sound classification systems have a wide range of applications, like hearing aids
devices, handheld devices and auditory protection devices. Sound classification systems typically
extract features which are learnt by a classifier. Using too many features can result in reduced
performance by making the learning algorithm to learn wrong models. The proper selection
of features for sound classification is a non-trivial task. Soft computing based feature selection
methods are not studied for environmental sound classification, whereas these methods are very
promising, because these can handle uncertain information in a more efficient way, using simple
set theoretic functions and because these methods are more close to perception based reasoning.
Therefore this thesis investigates different feature selection methods, including soft computing
based feature selection and classical information, entropy and correlation based approaches. Re-
sults of this study show that rough set neighborhood based method performs best in terms of
number of features selected, recognition rate and consistency of performance. Also the resulting
classification system performs robustly in presence of reverberation.

Keywords: environmental sound classification, feature selection, rough/fuzzy set theory, pat-
tern recognition, soft computing.
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Introduction

Chapter 1

Introduction

In everyday life we are often in complex acoustic environments, where we are surrounded by
acoustic mixtures consisting of various sound types. Whereas the human auditory system can
instantly discriminate between different types of sound, e.g. speech and background noise,
this task is not so trivial for computational systems. This thesis describes a computational
system that is able to classify environmental sounds. This system may or may not follow the
psychoacoustic models of the human auditory system.

Pattern recognition theory can be a good approach to the sound classification problem. In pat-
tern recognition, objects (sound classes in this case) are identified on the bases of some attributes
(features) of objects [1]. The selection of a set of features that is capable of distinguishing be-
tween classes is the most critical step in audio classification system design [2].

There is a wide range of potential applications of environmental sound classification. Particular
applications of this system include intelligent wearable and hand held devices. A device can
adjust itself automatically to a mode of operation which is better suited to the specific acoustic
situation. For example, a mobile phone may choose automatically to ring faintly when the user
is in a quiet situation and ring loudly when the user is in a noisy situation. Another appli-
cation could be to modify the processing parameters of a device according to the content of
audio. For example, hearing instrument users desire different instrument settings in different
acoustic situations. An automatic classification system can be used to automatically switch to
instrument-setting that best fits the acoustic scenario.

1.1 State of the art classification system

The structure of a basic sound classification system is shown in Fig.1.1. This structure comprises
feature extraction, feature selection and pattern learning as important modules. These modules
are briefly described in the following subsections.

Training data

Pattern

learning

Featl.‘

extraction

Faatln

selection

Classiﬂcm

Test data

Figure 1.1: State of the art classification system.
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1.2. Research questions and objectives Introduction

1.1.1 Feature extraction

A digital representation of an audio signal contains a huge amount of data. For example one
second of 16-bit mono audio signal with a sampling frequency of 44.1 kHz, contains 88.2 kB of
data. For computational point of view, it is not a good way to process that amount of data
directly. Statistical and analytical processing of audio data is also needed during the processes
of classification. Numerical representation of audio signal facilitates efficient processing and
analysis of data. Therefore, a numerical representation of the audio signal is required. The
audio signal is transformed into numerical features or so called feature vectors. This task is
performed in the feature extraction block of the system. This block breaks the audio signal in
short time frames and extracts numerical features from these frames. These numerical values
or features may be time domain features such as tempo and silence ratio or frequency domain
features such as pitch and sub-band energy. More information about audio features is given
in section 3.2.2. For further analysis, statistics (such as mean, variance, skewness) and delta-
features (First order and higher order derivatives) of these features are calculated.

1.1.2 Dimensionality reduction and features selection

There are many features that might be used to describe the property of an audio sequence.
One could expect, that using a large number of features might increase the discriminability
between different audio classes, but this is not always the case. Including too many features
for the training of a classifier may lead it to find spurious patterns which are not valid in
general. This is called the so-called curse of dimensionality [3]. The cost of computation and
curse of dimensionality demands us to reduce the dimensionality of the data. For these reasons
the feature extraction module is followed by the dimensionality reduction module. Selection of
superfluous features or reducing dimensionality by losing information can have a negative impact
on performance of the system. On the other hand, a good combination of selected subset of the
features may enhance the performance even with a simple classifier [4].

1.1.3 Pattern learning, modeling and classification

Finally, the classifier is applied on the reduced data set to distinguish and classify different classes
of sounds. Various pattern recognition algorithms are available for pattern learning and classi-
fication. These algorithms include minimum distance and Bayes classifiers, K-nearest neighbor,
neural networks, Gaussian mixture model, hidden Markov models, and rule-based approaches.
Based on a given feature vector, the task of the classifier is to predict the corresponding audio
class. Since classification approach presented in this thesis' requires supervised learning (learn-
ing based on already known class labels), there must be training data (with known class labels)
to learn the class models. Omnce the training of the algorithm is completed, the test data is
applied to test the learned models on independent objects. The classification module may also
consist of different stages, for example a neural network for coarse classification and a rule based
approach for the fine classification.

1.2 Research questions and objectives

Although much research has been conducted in the area of acoustic signal classification, in
the last decade, the following points are still uncertain, remain unobvious or require additional
research.

!Gaussian Mixture Model (GMM) classifier, details in section 3.4
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Introduction 1.3. Organization of report

e Which algorithm or method is the better choice for the problem of dimensionality reduc-
tion or feature selection for environmental sound classification system?

e Soft computing techniques (Fuzzy/rough set based techniques) are only partially explored
for acoustic feature selection. In [5], rough set based feature selection is studied for auto-
matic recognition of musical instruments and musical styles. A rough set approach for the
classification of sound signals produced by swallowing, is presented in [6]. Soft computing
techniques are studied for musical acoustics in [7].

The overall objective of this research is to develop a computational system which is capable
of classifying different acoustic signals. In particular the aim of this thesis is set to explore
the feature selection module in detail, with emphasis on soft computing based feature selection
methods. This module clarifies the problem view and has great impact on overall performance
of the system.

1.3 Organization of report

The rest of this thesis is organized as follows. Chapter 2 describes a literature overview. Chapter
3 is dedicated to describe the system design and experimental setup. Chapter 4 shows the
experimental results. Finally chapter 5 presents the summary and concludes the report.

Phillips Electronics 3 Blekinge Institute of Technology



Literature overview

Chapter 2

Literature overview

The purpose of this chapter is to give an overview of the background knowledge for the problem
of feature selection, and to introduce soft computing techniques.

2.1 Dimensionality reduction and feature selection

As explained in the previous chapter, in audio signal classification problems, data is represented
in the form of numerical valued data vectors that are called feature vectors. These vectors exhibit
high dimensionality; for huge amount of data the process may become computationally infeasible
for certain systems. Also, the curse of dimensionality reduces performance of the system. For
these reasons it is necessary to reduce the dimensionality of the dataset. The key role of this
reduction is to reduce data size while preserving useful information present in the original data,
by discarding redundant information. There are a number of methods to approach this problem.
A taxonomy of dimensionality reduction methods is presented in figure 2.1 [8]. There are two
major classes of data reduction techniques

1. Transformation based techniques.

2. Selection based techniques.

2.1.1 Transformation based dimensionality reduction

In transformation based methods the original data is transformed to produce new data values.
These techniques extract new features using various different combinations of the original fea-

—
Dimensionality reduction

Transformation based
reduction

——
Selection based reduction

) — — e
Linear methods Non-linear methods Filter methods Wrapper methods

Figure 2.1: A taxonomy of dimensionality reduction.
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Literature overview 2.1. Dimensionality reduction and feature selection

tures. Depending on how the original features are combined, the transformation based methods
can be divided into two classes:

1. Linear transformation.

2. Non-linear transformation.

Linear transformation based methods

These methods transform the original features to a new feature set by using linear combinations
of the original features. These methods include principal component analysis (PCA), linear dis-
criminant analysis (LDA) and projection pursuit (PP). Principal component analysis is based
on the assumption that the features with a large variance provide more information. The PCA
method therefore orders features with respect to variance. This is achieved by finding eigenvec-
tors of the covariance matrix, and then a linear transformation is done by matrix multiplication.
In LDA, the ratio of inter-class variance to the intra-class variance is maximized for a particular
dataset, thereby guaranteeing maximal separability.

Non-linear transformation based methods

Most non-linear methods are extensions of linear methods. For example Kernel-PCA is an
extension of PCA and Kernel discriminant analysis (KDA) is an extension of LDA. In kernel
methods, data is mapped to reduced dimension by using kernel functions.

2.1.2 Selection based dimensionality reduction

Unlike the transformation based methods, selection based methods do not transform the original
data. In these methods only a useful subset of the original features is chosen based on some crite-
rion. The aim of selection based methods is to select the subset of features with the least number
of elements that preserves useful information present in the original set of features and reduces
redundant information. There are different criteria to measure relevancy and redundancy; for
example the correlation of a feature with other features indicates the information redundancy.
In simple words, feature selection is the search for features which are less associated with each
other and more associated with the decision classes. With increasing data dimensionality, the
number of features N increases, and finding the optimal subset of features becomes intractable
[9]. Tt has been shown that the feature selection problem is NP-hard [10]'. The overall process
for feature selection is shown in figure 2.2. In a feature selection process typically there are the
following three steps [11].

1. Subset generation. 2. Evaluation of generated subset.

3. Stopping criteria.

Subset generation

Subset generation is a search procedure that produces feature candidates for evaluation. There
are many ways to start this search. For example one can start with no features in the search
space, all features or a randomly selected subset of features. The choice of starting point effects
the search direction. If the starting point is an empty set, the features are added iteratively and
this search method is called forward search. If one starts with all features and where features
are removed iteratively, this is called backward search. In case of a random subset as starting

INP-hard (non-deterministic polynomial-time hard) is a complexity class of problems that are intrinsically
harder than those that can be solved by a nondeterministic turing machine in polynomial time.

Phillips Electronics 5 Blekinge Institute of Technology



2.1. Dimensionality reduction and feature selection Literature overview

T B

Features set
Subset generation Subset evaluation

Subset suitability

— Set of selected™
Stopping criterion features
(Reduct)

Figure 2.2: Feature selection procedure.

point, features can be added, removed or produced randomly; this search is called bidirectional
search.

Evaluation of the generated subset

The evaluation function calculates the usefulness and suitability of the selected features and
compares it with previously selected subsets. There are two major types of feature selection
methods.

1: Filter methods
Filter methods use independent criteria for evaluation of a feature subset. Features are evalu-
ated intrinsically on the bases of feature characteristics, i.e. independent of any classification
algorithm. An independent evaluation or filter based approach for feature selection is shown in
figure 2.3.

Commonly used evaluation criteria for filter methods are explained briefly in the following
paragraphs.

la: Distance measures

In these evaluation criteria a feature is preferred if it induces greater distance between classes.
Two features are indistinguishable if the difference in distance is zero. There exist many distance
measures which can be used as evaluation criterion (Bhattacharyya distance, Fisher information
metric etc).

The Fisher index can be used as an interclass distance [12].

2

S _ O-between
= g
within
where a,?etween is the interclass variance and Uiithm is the intraclass variance of a feature.

1b: Information measures

In these criteria a measure of the information gain (also called cross entropy or mutual informa-
tion) [13] is determined. Information gain is defined as the prior uncertainty and the expected
posterior uncertainty using a feature. A feature is preferred if it offers more information gain

Subset selacti Classiﬁcatin '

Figure 2.3: Filter approach for feature evaluation.

Features set Subset
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Literature overview 2.1. Dimensionality reduction and feature selection

than another feature.

Consider two discrete random variables x and y that take values in {1,...,a} and {1,...,b}
respectively, and an independent and identically distributed random processes with samples
(x,y) € {1,...,a} x {1,...,b} drawn with joint probabilities p,,. Mutual information is the
measure of stochastic relation of z and y [13].

Z Z pzyl Og Pay

z=1y=1 >l xyz Pay

1lc: Dependency measures

This is the measure of similarity or association of a feature. A feature is considered to be more
suitable if it has greater association with the decision classes and less association with other
features. A common measure of dependence between two features is the correlation coefficient.
Considering two features X and Y with o, 0, as standard deviations and i, p1, as mean values
respectively, the correlation coefficientp, , between X and Y is defined as

_ BI(X — pe) (Y — py)]

Pxy =
Y 00y

1d: Soft Computing based measures
These techniques use a dependency measure and a significance measure of a feature defined by
rough/fuzzy set theory. Details of these methods and measures are given in section 2.2.

2: Wrapper methods

These methods evaluate the selected feature set depending on the classification algorithm. Since
these methods include accuracy of the result as evaluation criterion, as shown in 2.4, it is in-
tuitive to think that these methods give better performance. Unfortunately, as pointed out in
[14], this is often not the case when performance is evaluated with independent test data. The
cross-validation score of the best subset is typically not representative of the classification ac-
curacy one can expect for new data. Evaluation with cross-validation scores with independent
test data are used to support the usage of filter methods rather than computationally intense
wrapper methods [14]. Other drawbacks of these methods include high computational cost and
that the selected feature set may not be suitable for other classification algorithms, because the
selection of features depends on the classification system.

Stopping criteria

After every iteration, a stopping criterion is evaluated. This criterion reveals whether to continue
the selection process or not. For example, such a criteria may be to stop the selection process
when a certain number of features is selected, a maximum number of iterations is reached or a
pre-defined significance level of a feature set is achieved. When the stopping criterion is satisfied
the selection process terminates.

Features set Subset

Subset selection Classification

Evaluation

Figure 2.4: Wrapper approach for feature selection.
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2.2. Feature selection based on soft computing Literature overview

2.2  Feature selection based on soft computing

The term soft computing does not refer to a single field of computation, but it has many
components. Dealing with incomplete or imperfect knowledge and reasoning under uncertain
circumstances is the core of soft computing techniques. The term soft computing is applied
to methods or algorithms which give a useful but sometimes an in-exact solution for computa-
tionally hard problems. These methods mimic the human intelligence: Fuzzy logic is a model
of the human reasoning in imprecise environment, artificial neural networks is a model of the
human brain and mimics the interconectory neurons in the human brain. Different elements
of soft computing complement each other. Major constituents of soft computing are rough set
theory, fuzzy set theory and fuzzy logic. Basics of rough set theory, fuzzy set theory and feature
selection based on these theories is presented in the following sub-sections.

2.2.1 Introduction to rough set theory

Rough set theory (RST) is an extension of conventional (classical or crisp) set theory. Basic
definitions used in RST are given as follows.

Information systems

Unlike the classical set theory, in rough sets a dataset is presented in the form of a table. This
table is a collection of rows and columns. Rows represent an object or input (audio frames in
this case), and columns represent attributes (features in this case) that give the values for the
given input frame. This table is called an information system [15]. In formal mathematical
notation, an information system is a pair A = (U, A), where U is a non-empty finite set of
objects called universe and A is a non-empty finite set of features such that, a : U — V, for
every a € A. The set V, is called the value set of a. If the outcome of the classification (for
example in this case it is known which frame is computed for which audio class) is known, this is
represented by a distinguishing attribute called decision attribute. Information systems of this
kind are called decision systems. More formally a decision system is an information system of
the form A = (U, AU {d}). Where d ¢ A is a decision attribute, and elements of A are called
condition attribute [15]. An example of a decision system is given in table 2.1.

H Pitch ‘ Tempo ‘ Class

fi 1 2 music

fo 1 4 music

f3 4 2 speech

fa 3 4 speech

f5 1 2 music

fe 2 5 speech

fr 3 4 speech+noise
fs 5 4 speech+noise

Table 2.1: Example of a decision system.

In this table the most left column represents the audio frames. In this specific example f; is it

frame of audio data (the term frame will be used instead of object). The most right column is
the decision attribute, in this example representing the class labels for the corresponding frames.
The rest of the columns represent values for the features pitch and tempo respectively.

Blekinge Institute of Technology 8 Phillips Electronics



Literature overview 2.2. Feature selection based on soft computing

Indiscernibility

Decision systems may be redundant in two ways

1. The same objects may be present more than once.

2. Some of the condition attributes may be superfluous.

Indiscernibility of two objects handles these issues as follows.
Let A= (U, A) be an information system, then with any B C A there is associated an equivalence
relation IND 4(B).

INDy(B) = {(:z:,azl) € U?Na € B a(x) = a(a:l)}

IND4(B) is called the B-indiscernibility relation [15]. If (z,2’) € INDA(B) , then objects
and 2’ are indiscernible from each other by attributes from B. The equivalence classes of the
B indiscernibility relation are denoted [x]p, where the equivalence class of an element z € X
consists of all objects ' € X.

In the information system of table 2.1, the non-empty set of condition attributes are {pitch},
{tempo} and {pitch,tempo}. If one consider pitch, objects fi, fo, f5 belong to the same equiv-
alence class and are indiscernible. The following partitions of the universe can be made using
IND relation.

IND {tempo} = {{f1, f3, f5}, { fo, fa, fr, fs} , {f6}}
IND {pitch} = {{f1, f2, fs} , {fa, fr} , { S}, {fe}  {fs}}

IND {pitch,tempo} = {{f1, fs}, {fa, fr} , {fo} . {fs}, {fe} . {fs}}

Set approximation

By applying an equivalence relation, partitions of the universe are found. These partitions can
be used to build new subsets of the universe. The subsets of features which have the same
value of class labels are of most interest for repartitioning of the table. In most of the cases
the concepts can not be defined crisply. For example one can not crisply define outcome speech
class using the attributes in table 2.1. It is here that the idea of rough sets comes out. Concepts
of rough sets can be defined as upper bounds and lower bounds. The B-lower bound is defined
as the complete set of all elements that can be classified with certainty, as members of a X
partition on base of knowledge in B. In mathematical notation

BX = {x|[z]p € X}

The B-upper bound is defined as the set of all elements that can not be classified as members
of a X partition on base of knowledge in B. Formally

BX = {al[a]s N X # 6}

The B-boundary region is defined as the set of elements that might be classified (can neither be
ruled in nor ruled out) as members of a X partition on the base of knowledge in B, mathemati-
cally

BNp(X)=BX — BX.

Phillips Electronics 9 Blekinge Institute of Technology



2.2. Feature selection based on soft computing Literature overview

A set is crisp if the boundary region is empty and is rough if the boundary region is non-empty.
For example in table 2.1, f4, f7 pitch and tempo have same values 3, 4 respectively hence fy4, f7
can not be defined certainly using this information of features; fy, f7 are lower bounds.

In problem of feature selection one is interested to find a set of features that gives a high value
in the positive region.

Feature dependency and significance

For B, D C A, D depends on B in a degree d (0 < d < 1), if

> ity [BD|

where |-| is the cardinality operator®. Significance of a feature a in a decision table is calculated
by measuring the difference or change in dependency when a is removed from the considered
set of features. For B, D and a feature a € B. A feature is more significant if the change
in dependency is increased. If significance is 0 the feature is insignificant. In formal notation
significance is defined as

op(D,a) =g (D) —v5-a (D)

Reducts and cores

The goal of the feature selection process is to remove redundant or superfluous features, by
finding the subset of features which preserves the indiscernibility relation. There are several
such subsets. Subsets with the least number of features are called reducts, and features which
are present in all subsets are called cores.

2.2.2 Introduction to fuzzy set theory and fuzzy logic

If we need to describe human reasoning, bivalent-logic that is logic based on two values 0 (false)
and 1 (True), is inadequate. Fuzzy set theory and fuzzy logic address this point. Fuzzy set
theory and fuzzy logic use the interval between 0 and 1 to describe (human perception based)
reasoning®.

Fuzzy sets

Definitions:

Let X be a space of points (objects), with a generic element of X denoted by x. A fuzzy set A
in X is a characterized by a membership function p4(x) which associates with each point in X
a real number in the interval [0,1], where the value of p4(x) represents the grade of membership
of z in A.

More formally, if X is a collection of objects denoted generically by x then a fuzzy set A in X
is a set of ordered pairs:

A= {(@ pa(@)|r € X}
pa(z) maps X to the membership space M ([0,1]) [17].

2Cardinality operator counts members of a set

3Membership functions should not be confused with probabilities. Membership functions can be explained as
“how much an element is in a set” while subjective probability as “how probable is an element in a set”. Classical
probability theory is a subset of the more generalized “possibility theory” [16]

Blekinge Institute of Technology 10 Phillips Electronics



Literature overview 2.3. Rough/Fuzzy set based feature selection

Example:
For example take the statement:
“An audio fragment with a small silence ratio is music”
If value of silence ratio for an audio frame is 0.01, we might assign this statement a membership
function 0.85. In set theory terminology this statement can be translated as.
“An audio fragment with a small value of silence ration is a member of the set of music sounds”.

Umusic(Audio) = 0.85

Where p is the membership function for Audio to be a member of the set of music sounds.

2.3 Rough/Fuzzy set based feature selection

In rough set based feature selection or attribute reduction, “feature dependencies” and “signif-
icance” are used as evaluation criteria. As explained in previous section, rough set theory is
based on the equivalence classes. Rough set based algorithms are useful for nominal or discrete
feature spaces. To use these methods for acoustic feature selection (since acoustic feature are
continuous) either their feature values have to be discretized or a neighborhood model has to be
used [18]. Brief descriptions of these two techniques are given in the following subsections.
Neighborhood-based rough set model

These methods use a rough set model for nearest neighbor search. For an information system
(feature dataset in this case), given arbitrary x; € U and B C C, the neighborhood ép (z;) of
the z; in the subspace B is defined as [19]

0p (x;) = {xj|z; € U, Ap (wi, ;) < 6}

where A is a metric function. There are different metric functions that can be used; for example
the Minkowsky function or the Manhattan function [20]. The ¢ defines the size of the neigh-
borhood. The lower approximations can be used as measure of dependencies between condition
and decision attributes. Fuzzy neighborhood is also used.

Feature discretization

There are many algorithms to discretize features. One of the methods is equal width interval
binning. In this method values of features are sorted and the range of values is divided into k
equally sized bins [21]. The bin width is defined as

Tmazxr — Tmin
= ———

k

Phillips Electronics 11 Blekinge Institute of Technology



System design

Chapter 3

System design

The overall design of the system is described in figure 3.1. In the following sections, each block
of the system and the relevant parameters are described.

Saun“ Featup Featup

dataset extraction selection Classification

Fisher analysis

Step wise forward selection

Rough set neighborhood 1

Rough set neighborhood 2

Rough set neighborhood fuzzy neighbor

Rough set feature discretization

Long term features
Onset

Signal to noise ratio

+ Confusion matrix
» Sounds * Features « GMM . usic
*  Music * Low level features « Speech
*  Speech * MFCCS . e HMoise
»  Naise « Statistical features Selection methods » Soeechenoise
= Speech plus noise + Delta features Mutual Information pe

Figure 3.1: System design.

3.1 Sound database

The contents of the sound database have a great impact on the performance of the system. If
there is an imbalance between the class representation of the sound classes, and for instance one
of the classes is more dominantly represented in the database; This may bias the feature selection
algorithm and the classifier. A critical selection of representative sound files for different sound
classes and a proper partitioning of training and testing data plays an important role in sound
classification. In this system design, the sound database contains four different classes of sounds,
which are “music”, “speech”, “noise” and “speech plus noise”. The choice of these four classes, was
made considering the applications of the system in hearing aids and telecommunication devices
[22]. For each of these four classes, there are 38, 24, 29 and 28 audio files respectively, with time
lengths varying from 20 s to 60 s. Every audio file is stored as mono audio file of ‘.wav’ extension
with a sampling frequency of 44100 Hz and 16 bit resolution. Table 3.1 gives a summary for
each class. Details of the contents of each file are given in appendix A.

The sound database has to be partitioned into a training set and a testing set. This partitioning
should be made such that each set covers entire sound class. Since there is no clear rule in how
to make this choice [22], a random partitioning of the full database was made, for testing and
training.
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’ Class H Files ‘ Length | Description
Music 38 1103 | pop, rock, techno, classical, country,
seconds | funk, electro
Speech 24 1205 male, female, dutch, English
seconds
Noise 29 1225 babble, cafeteria, inside-buss, machine,

seconds | inside-car, inside-train, train station,
busy street, shopping center, traffic,
kindergarten, factory, super-market
Speech+noise || 28 1130 | {male, female} + { Wind, babble,
seconds | inside-train, train station, busy street,
inside-buss, machine, shopping center }

Table 3.1: Sound database.

3.2 Feature extraction

In this module of the classification system, the computation of the feature vectors is performed.
The process of feature extraction and the feature dataset are explained in following subsections.

3.2.1 Process of feature extraction

The overall process of feature extraction (computation of feature vectors) is shown in figure
3.2. With respect to the time length of analysis window, the process of feature extraction is
completed in two stages.

1. Subframe analysis: The original audio signal with a sampling frequency of 44.1 kHz
is divided in segments of 20 ms with 50% overlap. For each subframe, feature values are
calculated, which are called subfeatures. Subframe analysis is the shortest analysis of the
signal.

2. Frame analysis: After the computation of subfeatures, higher order statistics of these
subfeatures are measured over a window length of 1 s without any overlap. These longer
blocks are called frames. In addition to the statistics of subfeatures, there are long term
features which are calculated directly on a frame basis (non-overlapping 1 s frames).

3.2.2 Feature dataset

A combination of statistics of the low level features, statistics of the Mel-frequency cepstral
coefficients (MFCCs) and the long term features constructs a feature matrix or feature dataset.
A complete list of all extracted features is given in appendix B. The description of the extracted
features for this system is in the following section.

Subframe based features

Low-level features: 16 low level features were calculated on a subframe basis with subframe
parameters explained in the previous section. The table 3.2 shows all of these 16 low level fea-
tures. References are given for mathematical details of the features.

Mel-frequency cepstral coefficients (MFCCs): There are also 13 MFCC coefficients with
25 ms window and hop size of 10 ms (40% overlap). Auditory toolbox was used for MATLAB

Phillips Electronics 13 Blekinge Institute of Technology
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Figure 3.2: Feature extraction process.

| Time domain low-level features | Frequency domain low-level features
Main peak of autocorrelation function Spectrum band-energy ratio
Fundamental frequency estimation [23] Spectrum spread [24]
Mean level fluctuation strength [22] Spectrum irregularity [25]
RMS of frame energy in decibel [22] High frequency content [25]
Zero-crossing rate Spectrum bandwidth
Crest factor Spectrum centroid

Spectrum flatness [26]
Spectrum roll-off [25]
Spectrum entropy
Spectrum flux [25]

Table 3.2: Time domain and frequency domain low-level features.

implimentation of MFCCs [27].

Delta features: After computing the set of low-level features and MFCC features, first and
second order derivatives of these subfeatures were calculated.

Statistics of low-level features: For each low-level feature, MFCC and delta feature, nine
statistical features were computed (mean, average deviation, standard deviation, variance, skew-
ness, kurtosis, 10th, 50th and 90th percentile).
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Frame based features

Long term features: There are 13 long term features that are calculated by first applying
a 20 ms Hanning window with 50% overlap and then applying 1 s rectangular window (frame
size). Long term features in this system include five features based on amplitude histogram
(histogram width, histogram symmetry, skewness, kurtosis and the histogram’s lower half) [22],
three features based on pitch track (tonality, pitch variance and delta of consecutive pitches) [22],
two features based on periodicity (periodicity ratio and noisy frames ratio) [28], zero-crossing
ratio [28], low short-time energy ratio [28] and fluctuation of spectral entropy.

Onset features: There are three onset features [22] which are also calculated on a frame basis.
Signal to noise ratio: Signal to noise ratio calculated for each 1 s block.

By adding all these features explained above, a total of 800 features are gained in the feature
dataset or feature matrix, i.e, for each one second frame 800 features are calculated.

3.3 Feature selection

Looking at Figure 3.1, the feature selection module of the system selects useful features and
removes redundant information in the feature dataset. For this study seven feature selection
algorithms are selected:

1. Step wise forward selection (SFS)

2. Fisher index based ranking (Fisher)

3. Mutual information enhancement based ranking (Mutuallnfo)

4. Rough set neighborhood model 1 (RS1)

5. Rough set neighborhood model 2 (RS2)

6. Rough set neighborhood model (a fuzzy neighborhood was used) (RSF)

7. Feature discretization method (FD)

In this section, all four steps of the feature selection processes (subset generation, evaluation
of generated subsets, stopping criteria and result validation, as explained in section 2.1.2) are
described for each of the methods. With respect to the evaluation criteria for the generated
subsets all these methods are filter methods, i.e. these methods use independent evaluation
criteria that is used for the generation of feature subsets.

3.3.1 Crisp methods
Stepwise forward selection (SFS)

Starting point and search strategy: The SF'S method uses a forward search strategy. Start-
ing with one feature that is most correlated with the target classes, SF'S adds a new variable
which, together with the old one(s), most accurately predicts the target.

Evaluation criterion: At each step a linear regression model is calculated for a newly selected
feature, the feature is considered to be a better choice if the linear regression model predicts the
target classes giving lower regression error than the old model.

Stopping criterion: Selection stops when the significance of the new candidate model is equal
or greater than a specific pre-determined value. The significance is calculated by partial-f statis-
tics (P value). In this study P = 0.05,0.01and0.001 was used.
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Feature ranking based on the Fisher ratio

This method is based on Fisher analysis. Fisher scores are used to rank the total feature set,
instead of selecting a subset. From the ranked feature list, an appropriate number of features
has to be selected manually.

Feature ranking based on mutual information distribution

This method uses mutual information enhancement to rank the features. A suitable number of
features has to be selected manually.

3.3.2 Soft computing based methods
Neighborhood based rough set

There are three methods (RS1, RS2, RSF) that use neighborhood based rough set models. In
these methods, a neighborhood model is used to overcome the problem of continuous valued
features. RS1 and RS2 use crisp neighborhood and RSF uses fuzzy neighborhood which means
that a neighboring point is considered to be a fuzzy member of the set of neighbors of current
point.

Evaluation criterion: Significance and dependency is used as evaluation criteria.

Search strategy: Forward greedy search strategy is used in these methods, and dependency is
employed as the heuristic rule.

Stopping criterion: Search stops when significance of remaining features is zero.

Features discretization

The feature selection methods feature discretization uses a global discretization technique.

3.4 Classifier

The reduced dataset of features is used to train a Gaussian Mixture Model (GMM) based
classifier. For classification using this method, each class is represented by a GMM and referred
to by its estimated model parameters. The class-dependent feature space is approximated by a
sum of Gaussian mixtures.

3.4.1 GMM description

A Gaussian mixture model is a convex combination of M component probability densities as
follows [29]

M
p(EIN) =) bipi ()
i=1

M
where Zbizlfor 0<y; <1
i=1

where # is a D-dimensional feature vector and p; (Z) are component densities with weights b;.

S 1 ., . 1. o
p@) = e | ) 5 @ )
(27['7) ’21‘5
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where [1; is the mean vector and X; is the covariance matrix. Thus [, 3; and b; are three
parameters which characterize each Gaussian mixture density. A set of these parameters is
represented by A which represents a Gaussian mixture model. Each acoustic signals is represented
by a Gaussian Mixture Model, that is

A= {5, S bi}, i=1,..M

3.4.2 GMM model training

The GMM is used to approximate the distribution of the feature space using a set of Gaussian
distributions. Given a training dataset that belongs to a specific class of acoustic signals (for
example music), the goal of the class model training is to estimate the set of parameters A
for the GMM, that best describes the distribution of the features of the training dataset. The
expectation-maximization (EM) [30] algorithm is used for the training of the GMM model.
Maximum likelihood estimation of parameters is iteratively obtained using the EM algorithm.
Starting from an initial model A, EM estimates a new model A, such that p (X |;\) >p(XIN).
The new model becomes the initial model for the next iteration, and predefined convergence
threshold is reached iteratively.
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Chapter 4

Results and discussion

This chapter presents results of different feature selection methods and a comparison of these
results. Important aspects for this comparison are recognition rate, complexity and consistency.
complexity and consistency of the system can be expressed in more details as follows

e complexity

— Number of selected features

— Number of Gaussian mixtures for model training
e Consistency

— Performance of a feature set for all partitions of data, where that set is selected for
one particular partition of data.

— Variation of performance

* Variation in number of selected features
* Variation in recognition rate

The following sections present the results.

4.1 Evaluation procedure

For the implementation of the system described in the previous chapter, MATLAB and RSES 2.2
(rough set exploration system 2.2) environments were used. RSES is a freely available software
tool that offers means for analysis of data sets through the use of rough set theory [31]. Only the
feature selection based on feature discretization was done by RSES, all other feature selection
methods and other system modules were implemented in MATLAB. The feature set selected by
RSES was used again in MATLAB as input to the classifier for comparison with other methods.
As mentioned in Section 3.1 there is no explicit rule to choose the test and training datasets.
Five random partitions of the data set were made, i.e, there are five different training and testing
data sets where test and training data have the same size (50 % partitioning). For each random
partition, the feature selection was applied. The classifier was trained with training data reduced
by feature selection methods. Subsequently, the system was evaluated using the selected features
and the testing data set. The recognition rate is calculated as follows:

e Individual class recognition rates were calculated and put into a confusion matrix for each
partition. The confusion matrices are presented as the arithmetic mean of the confusion
matrices of the five partitions, see section4.3.1.
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e The overall recognition rate for each partition is calculated as the arithmetic mean of the
individual class recognition rates of that partition.

e The overall recognition rate is calculated as the arithmetic mean of all five partitions.

As explained in Chapter 3, there are seven feature selection methods, stepwise forward selection
(SES), Fisher score based ranking (Fisher), Mutual information based ranking (Mutualinfo),
Rough set neighborhood 1 (RS1), Rough set neighborhood 2 (RS1), Rough set neighborhood
with fuzzy neighborhood (RSF), Feature discretization using cuts (FD). Furthermore, various
baseline feature sets are used to validate the performance of the feature selection module. These
feature sets are called baseline feature sets, because there is no feature selection applied. The
average' of all Low-level features (LLF), all long term features (LTF) and of all MFCCs, is used
as baseline feature sets.

4.2 Number of selected features

The output of a feature selection method is a subset of features. The goal is to find a set with the
minimum number of features that gives the best classification rate. For the baseline feature sets,
there is a fixed number of features: 16, 13, 13 features for LLF, LTF and MFCCs respectively.
The output of the feature selection methods that rank the features (Fisher and Mutualinfo),
is the full set of 800 features ranked according to feature importance. For these methods, an
appropriate number of features is selected manually. Figure 4.1 shows that the majority of
soft computing based feature selection methods select between 16 and 23 features. For fair
comparison, 25 features are selected, for the ranking-based feature selection methods. There are
also feature selection methods that do not vary in number of selected features. In Figure 4.1
results are shown only for the methods that vary in number of selected features for each partition,
to compare the consistency in the selected number of features for each iteration. Figure 4.1,
also shows the mean and standard deviation of the number features. It is clear from the figure
that stepwise forward selection (SFS) performs worst (average 118 features with a standard
deviation of 6.2) with respect to the number of features selected as well as the deviation of
selected numbers across all five partitions RS1 outperforms all methods with respect to mean of
selected number of features. RS1 selects 17.2 features on the average, with a standard deviation
of 1.30.

4.3 Recognition rate

In this section, individual class recognition rates and overall recognition rates are presented.

4.3.1 Confusion matrix

As described in section 4.1, the overall recognition rate is calculated as the average recognition
rate of individual classes. The recognition rate of individual classes can be represented by a
confusion matrix. A confusion matrix shows the actual classes and corresponding prediction of
the classifier. The confusion matrices shown in Figure 4.11 are the average of five confusion
matrices for the five partitions of data. It can be seen that the highest recognition rate is
consistently observed for the audio class “speech”, whereas the audio class “speech+noise” was
most difficult to predict. The audio class “noise” and “music” were most often confused with the
audio class “speech+noise”, and vice versa.

! Average is calculated as mean of 1 s frames (MFCCs and LLF are extracted on 20 ms subframes)

Phillips Electronics 19 Blekinge Institute of Technology



4.3. Recognition rate Results and discussion

140 ! 5 g ! !

120

100

80

il

Number of featires

40

20

aFs R=1 Rs2 R=F tean number of features
Feanire sets

Figure 4.1: Number of features for each of the five partitions and the mean number of features.

4.3.2 Overall recognition rate for five partitions

In this section the overall recognition rates for the baseline feature sets and the feature sets
selected by the feature selection methods are presented. In Figure 4.3, LL, LT and MFCCs
represent the performance for the baseline feature sets. Whereas SF'S, Fisher, Mutuallnfo, RS1,
RS2, RSF and FD show the performance for the feature selection methods and finally the
mean recognition rate is presented (the mean is calculated over five partitions). The error-bars
represent the standard deviation. It can be seen that SF'S and RS1 outperform all other methods.
These methods perform very similar (there is only a very small difference in mean and standard
deviation between these methods).

4.3.3 Overlap in selected feature sets for five partitions

As described in Section 4, five random partitions of the database were made. It is important to
look whether the selected features by the feature selection methods for the five partitions have
a high overlap (overlap refers to the same features present in all five feature sets). Another way
to investigate this is to apply the features selected for one partitioning of data to all other four
partitions. Comparing the variance of performance it can be analyze that the features selected
by the feature selection method are good representative features for the sound class and how
close all these five feature sets are. Looking at Figure 4.4, it is clear that even if the four other
random partitions of data are classified, based on features selected for one particular partition:
the performance does not vary too much.
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Figure 4.2: Confusion matrices for feature selection methods.
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Figure 4.3: Recognition rate for five partitions, mean recognition rate and standard deviation
for baseline features sets and feature selection methods (GMM20).

4.4 Performance as a function of window length

Chapter 3 describes that features are calculated on the basis of 1 s frames. To investigate the
effect of the frame size, the class-dependent likelihood are integrated across multiple frames.
For this evaluation 20 Gaussian mixtures were used in the GMM classifier. Figure 4.5 shows
that the system performance increases as the analysis time increases for all feature selection
methods, except from SEFS. SFS gives an optimal performance at 3 s window length. And an
overall performance of more then 99 % is achieved with RS1 and RS2 methods.

4.5 Performance as a function of GMM order

The number of Gaussian distributions in mixture model is an important parameter that influ-
ences the overall complexity and performance of the system. The GMM classifier was tested
with a varying number of Gaussian distributions. A 1 s window length was used for all GMM
orders, and the mean recognition rate was calculated for the five partitions. Figure 4.6 shows
that the best performance was achieved by using a GMM classifier with 35 components, and
the RS1 feature selection method, as the feature selection method, for which a 93.46 % mean
recognition rate was achieved.
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4.6 System validation

The amount of data and the content of the training and the test database have great impact on
the performance of the system. For the purpose of validation of results, an additional experiment
is conducted using an external database. That database was provided by M. Biichler. This
validation database is not only more critical in terms of subclasses (more types of noise, different
speakers in class speech, reverberated speech files with RTgo upto 7000 ms)), but also contains
much more data. Table 4.1 presents a summary of the validation database. Details of contents
of each file can be found in [22]. For this data base, the system has also been validated using
feature selection methods SFS and RS1. Figure 4.7 shows that the average number of features
selected by SFS is 157 and by RS1 is 22. Figure 4.8 shows recognition rate for 1 s and figure
4.9 for 5 s time length. Recognition rate of 89.5 % for 1 s time and 99.7% for 5 s using RS1
method, validate the previous results: and shows that the presented system is capable to achieve
a robust recognition rate for reverberated speech (see sound class speech in table 4.1 for details
of reverbration time).

’ Class H Files \ Length ‘ Description
Speech 60 1800 Clean speech with normal reverberation (RTg9 ~ 500 ms).
seconds | Compressed and more reverberated speech from radio
and TV.
Stronger reverberated speech (RTgo ~ (1200ms to 7000ms)).
Speech+noise 74 2220 Speech in social noise, Speech in industrial noise, Speech in
seconds | car, Speech in traffic noise, Speech in industrial noise
Noise 80 2400 Social noise, Industrial noise, Traffic noise
seconds
Music 73 2190 Classical, Pop, Jazz, Rock’n roll, Folk, Single instruments
seconds

Table 4.1: Sound database for system validation.
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Figure 4.7: Number of features for each of five partitions and mean number of features, for RS1
and SFS methods.
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for RS1 and SF'S (1 s frame and GMM with 20 components).
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Figure 4.9: Recognition rate for five partitions, mean recognition rate and standard deviation
for RS1 and SFS (5 s frame and GMM with 20 components).
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4.6.1 Effect of reverberation on recognition rate

Reverberation time (RTgg)? is an important descriptor of acoustic environment. Reverberation
time effects different sound classes in different way. For example high reverberation time causes
listening difficulties for some hearing-impaired people [32], while music can be enhanced under
highly reverberant environments. Figures 4.10 and 4.11 show the effect of reverbration time on
recognition rate, it is clear from 4.10 that the average overall recognition rate is same 92.6 % for
normaly reverberated (RTgo 295) speech. Performance is reduced for high reverberation time.
By looking at the individual class recognition rates presented in figure 4.11, one can see that the
recognition rate for the class speech is reduced from 97 % to 91 % for SFS method and from 97
% to 95 % for RS1 method as the reverberation time increases.
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Figure 4.10: Recognition rate as a function of reverberation time.

2Reverberation time (RTbs0) is defined as the time required, for the average sound in a room to decrease by 60
decibels after a source stops generating sound.
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Figure 4.11: Confusion matrices for different reverberation time, SFS and RS1 methods.
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Chapter 5

Summary and conclusions

The problem of environmental sound classification has been studied. The focus of this work
was to investigate the usability of different feature selection methods for environmental sound
classification, in particular soft computing based techniques.

An important aspect of the work was to design a balanced audio database, which contains
sufficient audio material to properly train and evaluate the classification system.

In this study seven different feature selection methods are presented, which lead to the following
conclusions:

e The selection of good discriminating features clearly improves recognition performance.

e Among all evaluated methods there are two promising methods that give high correct
recognition rate for four audio classes: Rough set neighborhood model 1 (RS1) and step-
wise forward selection (SFS). Experimental results show that RS1 gives 92.51 % recognition
rate while selecting in average 17.2 features (average number of selected feature for five
partitions of data) out of 800 total features. With the second method a comparable recog-
nitino rate 92.42% is achieved while selecting in average 118.4 features. The recognition
rates based on features selected by these two methods show that it is not reasonable to
use as many features as possible.

e If training and testing data are randomly selected, there is no need to run the feature
selection method for all five partitions of data independently.

e Adding the class-dependent likelihood across multiple frames is a good way to integrate
information over a longer observation time. Accumulating likelihood probabilities of five
frames, a recognition rate of 99.72 % is achieved with RS1 method and 98.40 % with SFS
method.

e The confusion matrices show that the audio class “speech+noise” is the most difficult class
to classify and the class “speech” is the easiest to classify.

e Validation results show that the proposed system gives robust performance (with a slight
(1.5 %) reduction in performance for high reverberation time) for reverberated speech
material.

e Looking at the feature sets selected for all five partitions of data, it is found that SNR,
Tonality and MFCCs are good discriminating features.

Coming back to the use of soft computing based techniques for feature selection, it can be
concluded that these are indeed very useful, as has been shown by the outstanding results of
RS1. A future vision is to investigate the performance of these feature selection methods with
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simple rule based classifiers, and to investigate the performance of fuzzy inference classifier, i.e.,
a classifier that is also based on soft computing strategies.
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Appendix A

Sound database

e The sound class music contains files which represent pop, rock, techno, classical, country,
funk and electro music genres.

e In class speech there are male and female speakers speaking in Dutch and English. Almost
each file contains a different speaker.

e The noise class of the sound database contains real recordings of different noise types, of
which there is babble noise, cafeteria noise, inside-bus, inside-car and inside-train noise,
train station , busy street, shopping center, kindergarten, factory, super-market, machine
noise, traffic noise; besides these real recordings there is also white and pink noise which
are computer generated.

e The sound class speech plus noise contains real recordings in different noisy environments
(outside environment with wind noise and cocktail party environment). In this sound
class there are also computer simulated “speech plus noise” files which contain almost all
of the noise categories described in class “noise”, and mixed with different male and female
speakers with different signal to noise ratios.

Class File number | Description
| H

29 Noise files Babble noise

Machine noise

Inside bus noise

Airplane noise

Less busy road traffic noise
Kitchen noise

Helicopter noise

Printer noise

Street noise

Foot steps noise (Walking/running)
Inside car noise (Without speech)
FM channel noise

Inside car noise (passengers speaking)
Inside train noise

kindergarten noise

Inside train (without speech) noise
Factory noise
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Class

File number ‘ Description

18 Machine-gun noise
19 Water-fall noise
20 Street noise
21 TV noise
22 Pub noise
23 Basketball match noise
24 Inside train (people speaking) noise
25 Inside bus noise
26 Train station noise
27 Car noise
28 TV noise
29 Babble noise
38 Music files | 1 Country
2 Country
3 Pop
4 Pop
5 Electro
6 Electro
7 Electro
8 Rock
9 Rock
10 Pop
11 Pop
12 Electro
13 Electro
14 Folk
15 Gospel
16 Gospel
17 Rock
18 Rock
19 Rock/pop
20 Rock/pop
21 Disco/Pop
22 Disco/Pop
23 Folk
24 Folk
25 Classic
26 Classic
27 Techno
28 Techno
29 Rock
30 Rock
31 Funk
32 Funk
33 Rock
34 Rock
35 Country
36 Country
37 Trance
38 Pop
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’ Class H File number | Description

24 Speech files 1 Female Dutch
2 Female Dutch
3 Female Dutch
4 Male Dutch
5 Male Dutch
6 Make Dutch
7 Male & female Dutch
8 Make & female Dutch
9 Male & female Dutch
10 Male Dutch
11 Female English
12 Female English
13 Male English
14 Male English
15 Male English
16 Male German
17 Female German
18 Male German
19 Female English
20 Male English
21 Male English
22 Female English
23 Male English
24 Male English
27 Speech + noise files || 1 Speech + Cocktail Party noise
2 Speech + Machine noise SNR 3 dB
3 Speech + Inside bus noise SNR 4 dB
4 Speech + Airplane noise SNR 3 dB
5 Speech + Less busy road traffic noise SNR 0 dB
6 Speech + Kitchen noise SNR 4 dB
7 Speech + Helicopter noise SNR 5 dB
8 Speech + Printer noise SNR 2 dB
9 Speech + Street noise SNR 4 dB
10 Speech + Foot steps noise SNR 2 (dB
11 Speech + Inside car noise SNR 4 dB
12 Speech + FM channel noise SNR 1 dB
13 Speech + Inside car noise SNR 2 dB
14 Speech + Inside train noise SNR 0 dB
15 Speech + kindergarten noise SNR 0 dB
16 Speech + Inside train noise SNR 4 dB
17 Speech + Factory noise SNR 0 dB
18 Speech + Machine-gun noise SNR 2 dB
19 Speech + Water-fall noise SNR 2 dB
20 Speech + Street noise SNR 1 dB
21 Speech + TV noise SNR 4 dB
22 Speech + Pub noise SNR 5 dB
23 Speech + Wind noise
24 Speech + Traffic noise
25 Speech + Foot steps noise
26 Speech + (Laugh + wind)
27 Speech + Wind noise
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Appendix B

List of features

Index H Features
1-9 Statistical features! of zero-crossing rate
10-18 Statistical features of crest factor

19-27 Statistical features of periodicity
28-36 Statistical features of RMS of frame energy
37-45 Statistical features of RMS of frame energy in decibel

46-54 Statistical features of mean level fluctuation strength
55-63 Statistical features of spectrum centroid

64-72 Statistical features of spectrum spread

73-81 Statistical features of spectrum flatness

82-90 Statistical features of spectrum flux

91-99 Statistical features of spectrum irregularity

100-108 || Statistical features of high frequency content

109-117 || Statistical features of spectrum roll-off

118-126 || Statistical features of spectrum bandwidth

127-135 || Statistical features of spectrum band-energy ratio

136-144 || Statistical features of spectrum entropy

145-153 || Statistical features of delta zero-crossing rate

154-162 || Statistical features of delta crest factor

163-171 || Statistical features of delta periodicity

172-180 || Statistical features of delta RMS of frame energy

181-189 || Statistical features of delta RMS of frame energy in decibel
190-198 || Statistical features of delta mean level fluctuation strength
199-207 || Statistical features of delta spectrum centroid

208-216 || Statistical features of delta spectrum spread

217-225 || Statistical features of delta spectrum flatness

226-234 || Statistical features of delta spectrum flux

235-243 || Statistical features of delta spectrum irregularity

244-252 || Statistical features of delta high frequency content

253-261 || Statistical features of delta spectrum roll-off

262-270 || Statistical features of delta spectrum bandwidth

271-279 | Statistical features of delta spectrum band-energy ratio

1 Statistical features include, mean, average deviation, standard deviation, variance, skewness,
kurtosis, 10th percentile, 50th percentile, 90th percentile, and calculated respectively.
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Index

H Features

280-288
289-297
298-306
307-315
316-324
325-333
334-342
325-333
334-342
343-351
352-360
361-369
370-378
379-387
388-396
397-405
406-414
415-423
424-432
433

434

435

436

437

438

439

440

441

442

443

444

445

446-454
455-463
464-472
473-481
482-490
491-499
500-508
509-517
518-526
527-535
536-544
545-553
554-562
563-571
572-580
581-589
590-598

Statistical features of delta spectrum entropy

Statistical features of double-delta zero-crossing rate
Statistical features of double-delta crest factor

Statistical features of double-delta periodicity

Statistical features of double-delta RMS of frame energy
Statistical features of double-delta RMS of frame energy in decibel
Statistical features of double-delta mean level fluctuation strength
Statistical features of double-delta RMS of frame energy in decibel
Statistical features of double-delta mean level fluctuation strength
Statistical features of double-delta spectrum centroid
Statistical features of double-delta spectrum spread

Statistical features of double-delta spectrum flatness
Statistical features of double-delta spectrum flux

Statistical features of double-delta spectrum irregularity
Statistical features of double-delta high frequency content
Statistical features of double-delta spectrum roll-off

Statistical features of double-delta spectrum bandwidth
Statistical features of double-delta spectrum band-energy ratio
Statistical features of double-delta spectrum entropy
Histogram width

Histogram symmetry

Histogram skewness

Histogram kurtosis

Histogram lower half

Tonality

Pitch variance

Delta consecutive pitches

Periodicity ratio

Noisy frames ratio

High zero-crossing ratio

Low short-time energy ratio

Fluctuation of spectral entropy

Statistical features of MFCC1

Statistical features of MFCC2

Statistical features of MFCC3

Statistical features of MFCC4

Statistical features of MFCC5H

Statistical features of MFCC6

Statistical features of MFCC7

Statistical features of MFCCS8

Statistical features of MFCC9

Statistical features of MFCC10

Statistical features of MFCCI11

Statistical features of MFCC12

Statistical features of MFCC13

Statistical features of delta MFCC1

Statistical features of delta MFCC2

Statistical features of delta MFCC3

Statistical features of delta MFCC4
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Index

H Features

599-607
608-616
617-625
626-634
635-643
644-652
653-661
662-670
671-679
680-688
689-697
698-706
707-715
716-724
725-733
734-742
743-751
752-760
761-769
T770-778
T79-787
788-796
797

798

799

800

Statistical features of delta MFCCH
Statistical features of delta MFCC6
Statistical features of delta MFCC7
Statistical features of delta MFCCS8
Statistical features of delta MFCC9
Statistical features of delta MFCC10
Statistical features of delta MFCC11
Statistical features of delta MFCC12
Statistical features of delta MFCC13
Statistical features of double-delta MFCC1
Statistical features of double-delta MFCC2
Statistical features of double-delta MFCC3
Statistical features of double-delta MFCC4
Statistical features of double-delta MFCC5
Statistical features of double-delta MFCC6
Statistical features of double-delta MFCCT7
Statistical features of double-delta MFCCS8
Statistical features of double-delta MFCC9
Statistical features of double-delta MFCC10
Statistical features of double-delta MFCC11
Statistical features of double-delta MFCC12
Statistical features of double-delta MFCC13
Signal to noise ratio

Onset1

Onset2

Onset3
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