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Abstract 

Acoustic signal classification issues are addressed in this work using spectral examination, 

channel extracting the features from the input and machine learning algorithm. This brief 

article examines the effect of various settings on feature extraction. This feature-level channel 

combination's accuracy increase is then observed. To categorise things, pattern recognition 

utilises a variety of classification schemes. "Pattern" refers to the measures that must be 

categorised with accurate feature extracted. Images and audio signals are among the most 

common kinds of measurements. The proposed Support Vector Machine (SVM) is used for 

the necessity of an effective categorization of acoustic signals driven by the continual 

improvements in multimedia technology. This study uses two machine learning algorithms to 

enhance audio classification and categorization. The proposed SVM achieves superior 

performance than the other ML algorithm by spectral features.  

Keywords: Machine Learning (ML), spectral analysis, SVM, audio classification, Spectral 

Centroid feature 

 Introduction 

Comparatively, research in audio classification and retrieval is very recent compared 

to other closely related disciplines like speech recognition and speaker identification. In spite 

of this, audio categorization is a vital component in the present field of audio processing and 

content analysis. As a rule of thumb, audio categorization is a problem of pattern recognition. 

Classifying items into several categories or classes is the purpose of pattern recognition, 

which is a branch of science. In certain cases, these items might be photographs, signal 

waveforms, or any other measures that need organisation [1-5].  
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Data may be mined for information using machine learning. The autonomous 

identification of the any group category or pattern is based on the given dataset by machine 

learning research.  Design and development of algorithmic systems that enable computers to 

learn and adapt depending on data are at the heart of this scientific field's focus. 

1.1  Classification of Audio Signals 

To categorise an audio signal, characteristics are extracted from the sound and applied 

in order to determine its class. Pattern recognition utilises a variety of classification schemes 

to categorise. Analyzing and identifying patterns in data is the goal of pattern recognition. 

Techniques like character recognition, voice analysis, picture analysis and medical 

diagnostics are all crucial to the development and use of these technologies. Thus, 

categorization is the primary goal of pattern recognition. A pattern-recognition system can be 

considered as a two-step gadget. The first step is the extraction of features, and the next is the 

categorization of those features [6-9]. 

1.1.1 Supervised Learning 

When training instances are labelled with the proper outcome, students undergo 

supervised learning, which provides immediate feedback on their progress in learning. In this 

instance, the classes to which the training samples belong are already known. 

1.1.2 Unsupervised learning 

Unsupervised learning produces no error signals since it does not provide a desired 

outcome. It refers to the challenge of discovering hidden patterns in unlabelled data. When 

learning a new algorithm, similar-type input vectors are clustered together. 

Multimedia technology improvements necessitate the need for effective categorization 

of audio signals in order to improve the accuracy and accessibility of content-based retrieval 

from large databases. In many cases, audio information plays a crucial role in determining the 

meaning of multimedia. Increasing amounts of data need the employment of automated 

systems for filtering, processing, and storing it. For video indexing and content analysis, 

audio data may be a crucial source of information. An audio signal's weak or noisy sound 

makes it difficult for the listener to discriminate between various kinds of sound. This issue, 

on the other hand, has been very difficult to solve with computers. Automatic categorization 

of audio signals is a major difficulty in this discipline. Media services, search engines, and 
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intelligent human-computer systems are all interested in improving their ability to classify 

audio signals [10 - 13]. Audio categorization is necessary for the following reasons: 

• There should be a range of processing options for various kinds of audio. 

• A single subclass is narrowed down during the retrieval procedure after 

classification. 

Each bit of audio should be processed and indexed separately, so that it may be 

instantly compared and discovered. 

 Literature Survey 

An assigning object to a certain class or category is an important data mining 

function. Individual data objects are grouped into distinct categories based on previous 

knowledge in classification, which is an example of a supervised learning technique. The 

classifier's performance is heavily influenced by the data's attributes [14]. The researchers in 

the fields of data mining and machine learning usually focus on classification as a subject of 

particular interest. The properties of an item are used to construct a classification function or 

model. The training set consists of a predetermined number of items. In order to build a 

classification function or model, the link between the properties of the training set and the 

classes, is analysed. This model or function may then be used to categorise subsequent items. 

This enables us to better comprehend the database's rank structure [15]. 

 Methodology 

The feature extraction and classification are the two main components of an audio 

signal classification system. To which set of classes a sound is most likely to fit is identified 

by extracting important information from the sound. It's important to understand the exact 

sector in which the classifier will be used before designing features. Classification 

algorithms, on the other hand, treat input data as if it were a collection of random integers.  

3.1  Infrared and Visible Spectra 

This infrared part of magnetic spectral density has wider wavelength with medium 

frequency than visible spectra that covers one. There are several methods covered, but 

absorption spectroscopy is the main one [16]. Molecules absorb certain frequencies according 

to their structure, which is why infrared spectroscopy takes use of this. In these absorptions, 
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the frequency of the absorbed radiation matches that of the bond or group that is vibrating, 

and hence called resonant. There are several limitations to current infrared spectroscopy 

methods that demand the use of infrared-optimized optical equipment. In this article, how to 

produce infrared spectral measurements is demonstrated using spectral characteristics that 

can be seen through power spectrum [17 – 19]. 

3.1.1 Amount of Time it takes to reach zero 

The measures of frequency content of a signal in an easy-to-understand way. An 

average zero crossing rate may be used to assess the frequency content of a narrowband 

signal's movement. Speech, on the other hand, is substantially less precise when transmitted 

across a wide area network. A short-time average zero-crossing rate may be used to derive 

the spectral characteristics. In order to calculate the average across N samples, each pair of 

samples is first verified for zero crossings. 

3.1.2 Short-Time Energy 

In a variety of audio classification difficulties, Short-Time Energy (STE) has been 

used. When it comes to identifying voiced and unvoiced speech, STE gives a framework. 

Second, STE may be used to identify high-quality speech from quiet. 

3.1.3 Aspects of spectral centrifugal Force  

In digital signal processing, the spectral centroid is used to describe a spectrum. It 

serves as a visual cue to the "centre of mass" of the frequency spectrum and is linked to the 

perceived brightness of the sound. A Fourier transform may also be used to find out how 

many frequencies there are in the signal, so the weighted average can be calculated. 

In other words, it measures the sound's "centre of mass" or "brightness." For example, 

many musical settings have distinct centres of gravity. So, for every 2 second window, it 

computes a 1-dimensional spectral centroid feature. If many windows are utilised, a single 

feature vector for each recording is created by averaging the mean and standard deviations of 

the features taken from each window [20]. The raised classification accuracy is observed i.e., 

classification with spectral centroid improved the accuracy of classification around 70%. 

3.1.4 Aspect Ratios of Flux 

The spectral Flux is the average fluctuation in the spectrum value between 

neighbouring frames in a particular audio clip. Music, on the other hand, does not have a 
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syllable-rate structure like speech, but it does have a syllable-rate structure like speech. 

Environmental sounds have a greater range of spectral flux fluctuation than speech or music 

[21]. To identify environmental noises with significant periodicity, the acoustic property that 

distinguishes these sounds is the frequency modulation. It is also able to distinguish between 

music, speech, and environmental noises. 

 

Figure 1. Block diagram of proposed SVM architecture 

3.2  Proposed SVM Method 

On a speaker verification job, this study tests the effectiveness of the support vector 

machine. It seems as though support vector machines, which can only make binary 

judgments, would be a good fit for speaker verification. Classifiers trained using many 

benchmark databases, which contains recordings of high-quality speech from cooperating 

speakers, performed comparable to those trained using an older method of normalising the 

polynomial kernel. The radial base function kernel's attributes are imposed on the polynomial 

kernel via the normalisation procedure. It was because to this strategy that good results are 

acquired using SVMs on this database. 

3.3  Radial basis kernel with SVM 

There are three degrees of kernels used to classify from the input signal as follows;  

1. Quadratic 

2. Cubic 



S. Kavitha, J. Manikandan 

 

Journal of Trends in Computer Science and Smart Technology, December 2021, Volume 3, Issue 4 299 

3. Polynomial equation 

These are used to do computations in any d-dimensional space; where d > 0.99. An 

endless polynomial equation may be generated by expanding an exponential signal. This 

kernel can be utilised to make the classification line indefinitely strong by employing 

exponents. 

There are significant differences in the way acoustic sceneries and speech are 

structured. Even the characteristics of an acoustic environment vary from one kind to the 

next. Some settings include just low, middle, and high frequencies, whereas others have a 

wide range of frequencies.  

3.4  Training / Testing of Dataset 

The correct categorization of training instances is traded for a larger decision function 

margin with training parameter. An increase in the significant margin that results from using 

a training value, is less than one result in a simpler decision function at the expense of 

training accuracy. To put it in another way, training acts as an SVM regularisation parameter. 

Both channels of the dataset's binaural recordings are extracted individually to take 

use of the extra cues they include. Then, for each recording, a single feature vector is 

obtained by feature-level channel combination. The system's detection accuracy can be 

improved by the use of components from both media. In order to classify a scene, the system 

uses a typical SVM-based technique with a radial base function kernel. Final feature vectors 

are modelled using SVM using the LIBSVM library [22]. 

 Results and Discussion 

The transformed training patterns serve as the support vectors, and both are located 

near to the hyperplane of separation during the sampling period. To determine the optimum 

hyperplane, the support vectors are used as training examples. Figure 2 shows the obtained 

results from the proposed SVM classifier. 

The feature extraction approaches are provided a wave file to work with samples of 

original and determined. Once this is done, the wave file's spectral feature values may be 

determined accurately for further classification. Finally, the procedure outlined above is 

repeated until a total of 100 wave files have been generated for accurate classification. The 

power spectrum graph has been shown in the figure 3. The performance of the proposed 
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model is measured by many metrics such as accuracy, precision and sensitivity as tabulated 

in table 1.  

 

Figure 2 a) Obtained results from the proposed SVM classifier (Original vs Obtained) 

b) Accurate predicted samples in the signal 

 

Figure 3. Power spectrums from obtained results 

The proposed SVM has the greatest accuracy rate for jobs involving audio signal 

categorization. SVM's finest results may be described to the algorithm's fundamental nature. 
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For example, the SVM is a classification system with a goal of minimising the upper limit on 

its anticipated error.  

Table 1. Obtained results from proposed SVM classifier 

S.No Model Precision Sensitivity 
Identification 

Accuracy 

Computation 

speed 

Prediction 

error 

1 

 

Random 

Forest 
83.64% 84.41% 85.18% High 0.175 

2 

 

Naïve 

Bayes 
81.56% 82.8% 84.04% High 0.567 

3 

 
k-NN 88.67% 89.33% 89.99% Low 0.073 

4 

 

Proposed 

SVM 

Model 

 

93.78% 

 

95.26% 

 

96.67% 

 

Moderate 

 

0.013 

Many hyper-planes may be possible, but only the one with the highest margin of error 

is considered the best. A larger margin means a smaller generalisation error to minimize it. 

From table 1, probability based classifiers fail in this research work than other machine 

learning algorithms.  

 

Figure 4. Overall performance measures between Machine learning algorithms 

70.00%

75.00%

80.00%

85.00%

90.00%

95.00%

100.00%

Precision Sensitivity Accuracy

Performance Measures

Random Forest

Naïve Bayes

k-NN

Proposed SVM Method



IMPROVED METHODOLOGY OF SVM TO CLASSIFY ACOUSTIC SIGNAL BY SPECTRAL CENTROID 

ISSN: 2582-4104  302 

The proposed SVM looks for the hyperplane that best separates distinct types of data 

so that it may be applied to new data in the future. There is a hyperplane that maximises 

distance to the nearest point from each class, dubbed as the "maximum margin hyperplane". 

 Conclusion 

In comparison to the existing ML techniques, the suggested SVM with radial basis 

function kernel produced good results with substantially less training data. If the classifier 

can recognise a scene properly after just a few frames, then future work will concentrate on 

early detection. When separate feature sets offer uncorrelated information, they may be 

integrated to make a joint conclusion. This is the inspiration for future work in audio signal 

categorization. Furthermore, the ML method may be taught and evaluated on acoustically 

imperfect data. For effective coding and signal amplification, this is a need because of the 

enormous dispersal of telecommunication networks. It is interesting to discover which 

functions are the most reliable. Achieving this aim, requires the exploration of other audio 

components. Therefore, for the sake of enhancing the accuracy and reliability of the audio 

categorization, additional audio classes are to be added to the classification scheme. 
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