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I. INTRODUCTION 
 

An audio signal classification system should be able 

to categorize different audio input formats. 

Particularly, detecting the audio type of a signal 

(speech, background noise, and musical genres) 

allows such new applications as automatic 

organization of audio databases, segmentation of 

audio streams, intelligent signal analysis, intelligent 

audio coding, automatic bandwidth allocation, 

automatic equalization, automatic control of sound 

dynamics etc.  

 

Audio signal classification finds its utility in many 

research fields such as audio content analysis, 

broadcast browsing, and information retrieval. 

Recently its demand is increasing in the information 

retrieval field as a new approach of Query By 

Humming has been invented; in which the user has 

to hum a tune andthe song that corresponds to that 

tune is returned. All classification systems employ the 

extraction of a set of features from the input signal. 

Each of these features represents an element of the 

feature vector in the feature space. The dimension of 

the feature space is equal to the number of extracted 

features. These features are given to a classifier that 

employs certain rules to assign a class to the  

 

 

 

 

 

 

 

 

Incoming vector. Figure 1 shows the block diagram, 

which is self-explanatory. 

 
Figure 1: Block diagram of an audio signal 

classification system. 

 

In the above figure 1 the block diagram of the signal 

classification systems has been shown which states 

the processes involves in it as feature extraction, 

feature selection, classifier and the statistical models.   

 

II.FEATURE EXTRACTION 

 
Before any audio signal can be classified under a 

given class, the features in that audio signal are to be 

extracted. These features will decide the class of the 

signal. Feature extraction involves the analysis of the 

input of the audio signal. The feature extraction 

techniques can be classified as temporal analysis and 
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spectral analysis technique. Temporal analysis uses 

the waveform of the audio signal itself for analysis. 

Spectral analysis utilizes spectral representation of 

the audio signal for analysis. All audio features are 

extracted by breaking the input signal into a 

succession of analysis windows or frames, each of 

around 10- 40-ms length, and computing one 

feature value for each of the windows.  

 

One approach is to take the values of all features for 

a given analysis window to form the feature vector 

for the classification decision, so that class 

assignments can be obtained almost in real time, 

thus realizing a real-time classifier.  

 

Another approach is to use the texture window, in 

which the long-term characteristics of the signal are 

extracted and the variation in time of each feature is 

measured, that often provides a better description of 

the signal than the feature itself. A texture window is 

a long-term segment in the range of seconds 

containing a number of analysis windows. In the 

texture- based approach only one feature vector for 

each texture window is generated.  

 

The features are not directly obtained in each 

analysis window, but statistical measures of the 

values are obtained for all analysis windows within 

the current texture window. Therefore in this case 

real-time classification is not possible, since at least 

one whole texture window has to be processed to 

obtain a class decision. Since the analyzed audio files 

are supposed to contain only one type of audio, a 

single class decision is made for each type of audio, 

which can be derived following one of two possible 

approaches.  

 

The first approach is the single vector mode, which 

consists of taking the whole file length as the texture 

window. In this way, each file is represented by a 

single feature vector, which in turn is subjected only 

once to classification. The second approach is the 

texture window mode, which consists of defining 

shorter texture windows and making several class 

decisions along each file, one for each texture 

window.  

 

At the end of the file the decisions are averaged to 

obtain a final class decision. This average 

computation is weighted by the certainty of each 

class decision. As discussed previously feature 

extraction plays an important role in classification of 

an audio signal. Hence it becomes all the more 

important to select those features that help the 

classification process more efficient. There are 

different types of features, such as the pitch, timbral 

features, rhythm features etc that are explained 

below.  

 

1. Pitch: The sound that comes through vocal tract 

starts from the larynx where vocal cords are situated 

and ends at mouth. The vibration of the vocal cords 

and the shape of the vocal tract are controlled by 

nerves from brain. The sound, which we produce, 

could be categorized into voiced and unvoiced 

sounds. During the production of unvoiced sounds 

the vocal cords do not vibrate and stay open 

whereas during voiced sounds they vibrate and 

produce what is known as glottal pulse. A pulse is a 

summation of a sinusoidal wave of fundamental 

frequency and its harmonics (Amplitude decreases as 

frequency increases). The fundamental frequency of 

glottal pulse is known as the pitch.  

 

In music, the position of a tone in the musical scale is 

designated by a letter name and determined by the 

frequency of vibration of the source of the tone. 

Pitch is an attribute of every musical tone. The 

fundamental or first harmonic of any tone is 

perceived as its pitch. Absolute pitch is the position 

of a tone in the musical scale determined according 

to its number of vibrations per second, irrespective 

of other tones. The term also denotes the capacity to 

identify any tone upon hearing it sounded alone or 

to sing any specified tone. For example pitch helps 

the human ear to distinguish between string 

instruments, wind instruments and percussion 

instruments such as the drums, tabla etc. After the 

voiced parts of the sound are selected the pitch has 

to be determined.  

 

There are several algorithms currently in use for 

accomplishing this task. These could be categorized 

into Time-domain and Frequency-domain analysis. In 

time domain analysis the pitch could be estimated by 

using the peaks, but due to the presence of formant 

frequencies (harmonics) this method could give a 

wrong estimation. So the formant frequencies are 

filtered out using a low pass filter and then zero 

crossing methods or any other suitable method is 

used to determine the pitch. The speech signal is 

also passed through a low pass filter in the frequency 

domain analysis and then the pitch is determined by 

analyzing the spectrum.  
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2. Timbral features: Sound "quality" or "timbre" 

describes those characteristics of sound, which allow 

the ear to distinguish sounds that have the same 

pitch and loudness. Timbre is then a general term for 

the distinguishable characteristics of a tone. Timbre 

is mainly determined by the harmonic content of a 

sound and the dynamic characteristics of the sound 

such as vibrato and tremolo. In music timbre is the 

quality of a musical note that distinguishes different 

types of musical instrument. Each note produced by 

a musical instrument is made of a number of distinct 

frequencies, measured in hertz (Hz).  

 

The lowest frequency is called the fundamental and 

the pitch produced by this frequency is used to name 

the note. However, the richness of the sound is 

produced by the combination of this fundamental 

with a series of harmonics and/or partials (also 

collectively called overtones). Most western 

instruments produce harmonic sounds, and these 

can be calculated by multiplying the fundamental by 

an increasing series of numbers - x2, x3, x4, etc 

(whole number multiples). However many 

instruments produce inharmonic tones, and may 

contain overtones which are not whole number 

multiples, these being the partials.  

 

Therefore, when the orchestral tuning note is played, 

the sound is a combination of 440 Hz, 880 Hz, 1320 

Hz, 1760 Hz and so on. The balance of the 

amplitudes of the different frequencies is responsible 

for giving each instrument its characteristic sound. 

The ordinary definition of vibrato is periodic changes 

in the pitch of the tone, and the term tremolo is used 

to indicate periodic changes in the amplitude or 

loudness of the tone. So vibrato could be called FM 

(frequency modulation) and tremolo could be called 

AM (amplitude modulation) of the tone.  

 

Actually, in the voice or the sound of a musical 

instrument both are usually present to some extent. 

Vibrato is considered to be a desirable characteristic 

of the human voice if it is not excessive. It can be 

used for expression and adds richness to the voice. If 

the harmonic content of a sustained sound from a 

voice orwind instrument is reproduced precisely, the 

ear can readily detect the difference in timbre 

because of the absence of vibrato. 

 

 

 

III. SPECTROGRAM 

 
 A spectrogram is a visual representation of the 

spectrum of frequencies of sound or other signal as 

they vary with time. Spectrograms are sometimes 

called sonographs, voiceprints, or voicegrams. When 

the data is represented in a 3D plot they may be 

called waterfalls. Spectrograms are used extensively 

in the fields of music, sonar, radar, and speech 

processing, seismology, and others. Spectrograms of 

audio can be used to identify spoken words 

phonetically, and to analyse the various calls of 

animals. A spectrogram can be generated by an 

optical spectrometer, a bank of band-pass filters or 

by Fourier transform. 

 

IV. LITERATURE REVIEW 
 

In this paper [11] proposed a text dependent speaker 

verification system which uses different type of 

information for making decision regarding the 

identity of claimed speaker. The base line system 

used is (DTW) technique for matching. Detection for 

the location of the end point is crucial for the 

performance of DTW based template matching. A 

method based on vowel onset point (VOP) is 

proposed locating the end point of an utterance. The 

proposed method for speaker verification used the 

suprasegmental and source features, besides the 

spectral features. The suprasegmental features such 

as pitch and duration are extracted from the warping 

path information of the DTW algorithm. Features of 

the excitation source, extracted using neural network 

models are also used for text-dependent speaker 

verification system. 

 

In this paper [12] developed a technique which is 

successful at discriminating speech from music on 

broadcast FM radio. The computational simplicity of 

the approach could lend itself to wide application 

including the ability to automatically change 

channels when commercials appear. The algorithm 

provides the capability to robustly distinguish the 

two classes speech and music and runs easily in real 

time. The strict use of time-domain 14 features 

avoids the need for an FFT processor to compute 

spectral features. Given that this algorithm has only 

been developed in an exploratory fashion, it is 

expected that improved performance beyond that 

reported is possible.  
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In this paper [13] reported on construction of a real-

time computer system capable of distinguishing 

speech signals from music signals over a wide range 

of digital audio input. They have examined 13 

features intended to measure conceptually distinct 

properties of speech and/or music signals, and 

combined them in several multidimensional 

classification frameworks. They have provided 

extensive data on system performance and the cross-

validated training/test setup used to evaluate the 

system. For the datasets currently in use, the best 

classifier classifies with 5.8% error on a frame-by-

frame basis, and 1.4% error when integrating long 

(2.4 second) segments of sound. 

 

In this paper [14] presented a method of rapidly 

determining the characteristics of audio samples, 

using a supervised tree-based vector quantizer 

trained to maximize mutual information (MMI). Such 

a measure has proved successful for talker 

identification, and the extension from speech to 

general audio, such as music, is straightforward. A 

classifier that distinguishes speech from music and 

non-vocal sounds is presented, as well as 

experimental results showing how perfect 

classification accuracy may be achieved on a small 

corpus using substantially less than two seconds per 

test audio file. The techniques presented here may 

be extended to other applications and domains, such 

as audio retrieval-by-similarity, musical genre 

classification. 

 

Table 1: Comparison analysis of different algorithms. 

 

 
 

V. CONCLUSION 

 
Signal analysis given an important understanding of 

different motions. Working with different chords and 

its visualization provides the actual classification 

which can provide a proper study about the input 

signals. Finding a proper technique using which a 

better classification can be perform is always a 

challenging issue working with dynamic operation. In 

this paper a survey about the visual and audio signal 

classification with their analysis is discussed. There 

are many feature extraction and classification 

approach is presented in the past solutions. Further 

the hierarchy and modeling of such technique is 

presented by the paper. Extraction of the features 

associate with the signal and finding their meaning 

for the further classification is investigated. The 

algorithm such as cost based computation as well as 

tree based architecture can help out the better 

classification. A further work of working with such 

scenario of finding better feature extraction as well 

as finding a better classification is left. 
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