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                                                ABSTRACT 
 

 
This project’s aim is to study the similarity between the music genre and the human voice in real world 

scenario. We have used the music genre as a scale to measure the tones, tempo and loudness of human 

interactions. The main reason to use music as a proxy for categorizing the human voice is the lack of any 

data set of such a kind. Also, its very difficult to categorize different human voice interactions with varying 

accent, tone and loudness into some well-defined classes. Whereas music is well categorized covering a wide 

variety of sounds from very low to very high tempo, loudness or pitch. Getting categorized music is also a 

fair and straightforward way, as we covered nine genres of music to build our pseudo scale. 

 

The pseudo scale would be used as a proxy to segregate various interactions among human beings. Our 

hypothesis is that loud voices will be correlated with music genres such as ROCK, POP or HIP-HOP genres 

and simple conversations with moderate voices would be associated with genres such as BLUES, LATIN or 

COUNTRY. The project can be used in various ways such as building a mood detector on top of this pseudo 

scale to automate the music genre selection, building a security system where the microphone installed in 

the CCTV cameras can be used to pin-point the places where some altercation is going on in a huge 

compound.  

 

The motivation to perform this project is that in public places where there can be any threating activity 

involved like bomb blasting, then with the help of this model we are able to recognize the bombastic sound 

or the sounds involving fight and high tempo and tone. An emergency alert can be directly sent to the police, 

fire and hospital headquarters to minimize the damage and rescue people.   

 

We have used the neural network model to build the classifier and then test it on human voices to validate 

our initial hypothesis. 
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CHAPTER 1 - INTRODUCTION 
 

1.1    SPEECH AND SOUND: 
 

The vibration which traverse in air and reaches the ears of living species - humans and animals is known as 

sound[7]. The sound waves generated by humans to interact among each other are called speech sound which 

is also known as - Phoneme. It is the smallest unit of sound which is used to distinguish one word from 

another word. In the English language, there are 44 unique phonemes. English spoken words are made of 44 

phonetics which can be used to break down the words into its atomic forms which are used in pronouncing 

any given word in the English vocabulary. 

 

It is quite difficult to classify human voice as all the human beings have unique voice. Therefore, we can say 

that categorizing human voices is a difficult task as the words spoken by one human being differs 

significantly as compared to other human being. 

Sound is produced by vibrations and the energy in the sound waves travel with the help of air molecules. For  

Example - when we beat a drum, the skin of the drum is vibrated generating a sound wave. If the drum is 

banged harder, it results in stronger vibrations and hence louder sound is produced. The skin of the vibrating 

drum causes the air particles which are nearby to vibrate, which as a result cause other nearby air particles 

to vibrate. This process helps in propagating the sound waves in all the directions. Our ears are able to detect 

the sound waves only when the vibrating particles in air causes our eardrum to vibrate. The intensity of the 

sound depends on vibrations. If the vibrations are bigger then it will result in louder sound. The representation 

of the sound waves in the music files are analogous to the process described above. The increase and decrease 

of air pressure from the normal atmospheric air pressure is stored in these mp3 files as compressed sound 

signals[8].     

1.2    RELATION OF HUMAN INTERACTION WITH MUSIC GENRE: 
 

Music is of different types and is divided into various categories in music stores, radio stations, and now on 

the internet. The categorical description of music is known as music genre. The traditional approach to 

perform genre categorization was based on its musical properties, such as, instrument being used, rhythmic 

structure, and form or style of its members. Here we call the sounds created by human interaction as events. 

This work describes the correlation in the patterns generated by the events and the music genres and 

eventually exploiting the pattern in classifying those events into genres. 

 

In this project, nine music genres have been used - COUNTRY, BLUE, JAZZ, HIP-HOP, 

INSTRUMENTAL, OPERA, POP, ROCK, and LATIN with fifty songs of each genre, except OPERA and 

INSTRUMENTAL with twenty-five songs each. 
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1.3    OUR APPROACH TO CATEGORIZE SPEECH RELATED TO MUSIC: 
 

Words spoken by human beings are understood by others, not at the scale of just the mere literal meaning of 

the words but also at the level of tone and mood or more precisely emotion. The words spoken can be split 

into two components; one where the words have the literal meaning and the second being the emotional tone 

with which the words were spoken. Speech recognition has solved the problem of first component which is 

a system that can take input in the form of words. Here the second part which is the mood or tone of the 

human voice is more focused as we can want to classify the real-world events in the form of genres by 

recognizing the similarity in patterns of music genre and events. We can create a holistic system that can not 

only identify the words being spoken by the human but also recognize the tone/mood such as, if a human 

interacts with a robot then it can not only understand the words spoken but also the tone, tempo and mood. 

This will help the robot to understand the words as human beings do, who process the words in association 

with the mood and deliver a better reply. 

 

1.3.1    PSEUDO SCALE: 
 

The main agenda of this study is to build a pseudo scale in musical language and compare it against the 

phonetic scale of human interaction. As music has specific categories in the form of genres, we have used 

this categorization as a pseudo scale to classify the human voices. This is done as there exists no broad 

classification for human voices. If we tried to build a classifier on the human voices, then it would be very 

difficult to encompass the entire variation of the human voices into the model.  

 

For example – If two persons are having a verbal fight and two people are debating on a certain topic, then 

it is very difficult to differentiate between the two scenarios as the sound waves generated in each case are 

very similar in nature, as a result these two very distinct events are difficult to separate on a scale which is 

derived using human interaction voice as the training set. Whereas, if we use a different scale such as the 

pseudo music scale to differentiate the events it becomes very easy as the two events will have very giant 

differences in loudness and volatility of sound waves which can be easily captured by two genres such as 

ROCK and HIP-HOP. 

 

1.4    OBJECTIVE: 
 

With the growing usage of Internet every day, it is very convenient for people to gather and access huge 

amounts of data. But with easy access and the exponential rise in amount of data every day, it is expected 

that most of the data available is not classified. 

 

It is highly important to classify our audio data as it helps us identify potential cybersecurity risks in systems 

and networks for the following reasons:-  

 

1. Preventing insider and outsider threats. 

2. Managing the existing data which is spread wide apart. 

3. Finding and accessing the data. 
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Music is like a mirror, it gives us the reflection of who we are, what we think, what are our desires and what 

we care about. Music is considered as a medicine of mind. It is a tool which embraces our shadow.  

 

The correlation between music genres and human voices can only be understood, if there is some pattern 

between them. The objective of this work is to study the similarity between music genres and sounds created 

by events in the real-world scenario, such as:- children's activities in the school, sound created by crowd 

during music concert, etc. Here, events refer to the combination of natural environmental settings and human 

interactions. 

 

1.5    PROJECT MOTIVATION: 
 

The motivation to perform this project is that in public places where there can be any threating activity 

involved like bomb blasting, then with the help of this model we are able to recognize the bombastic sound 

or the sounds involving fight and high tempo and tone. An emergency alert can be directly sent to the police, 

fire and hospital headquarters to minimalize the damage and rescue people.   

 

1.6    REPORT OUTLINE: 
 

The remaining chapters in the report are structured as follows.  

Chapter 2 presents the background of work, which contains key results from the work of Lie Lu and his 

fellow colleagues giving an overview of the human emotions classification with the pseudo scale of music 

genre.  

Chapter 3 presents the detailed description of classification of human voices with pseudo scale of music 

genre with process flow diagram.  

Chapter 4 focuses on model building.  

Finally, Chapter 5 presents the evaluation results and based on that some concluding remarks and outlines 

directions for future work. 
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CHAPTER 2 – BACKGROUND 
 
 

2.1    LITERATURE SEARCH 

 

After going through multiple research papers, we came across a relevant study by Lie Lu, in “Automatic 

Mood Detection and Tracking of Music Audio Signals”, which described music classification on the basis 

of 4 moods of a person which are contentment, anxious, exuberance and depression. This paper is limited in 

predicting the mood of a person listening to one song at a time, while we have extended our work to cover 

majority of the events involving environmental sounds and human interactions which are being experienced 

by an individual in their daily routine. Lie Lu explained the emotion and mood of a single person, if he is 

happy, sad, or depressed while listening to a song . While we are trying to build a generalized model, which 

can predict the various events and categorize them as a genre on the basis of the pattern observed. These 

patterns of these events are studied by comparing them with the various genre characteristics and classifying 

them manually and using the model to see how correct the model is predicting an event. 

 

The authors in this paper have tried to build a pseudo scale between music and human emotion. Using the 

idea of this paper we decided to build a pseudo scale between the natural events and the music genres. We 

tried to find similar works to solve the problem at hand, but we could not find any relevant study. The closest 

study that we found was the above paper. So, we are trying to extend their work as it is restricted to simply 

four kinds of emotions only. In our project we have tried to cover natural events which includes 

environmental sounds and human interactions so as to classify them as a genre and this is done by creating 

a pseudo scale of music genre and comparing it with each sound events. 

 

After going through other related papers[2][3], we learnt some of the following things: 

 

1. Music genre classification problem solving techniques[4] 

2. Comparison of music and other sound wave forms 

3. How music is understood as a sound wave form and features calculated from them.[5] 

 

LIE Lu tried to do manual study to classify the mood of a person by listening to the movie. On the basis of 

the manual study and using the model prediction, 9 different songs were used as their test data so observe if 

the model is predicting accurately. It is more like a mood detection technique, in which only 4 kinds of mood 

can only be detected. We have just tried to take a small idea from their study and recreated a new paper 

which involves classification of events using a pseudo scale of music genre. 

 

Since, this study tries to build a pseudo scale using the genre collection of music. This study proposes to 

build a pseudo scale which has extremities such as the COUNTRY genre and the ROCK genre. As a result, 

the pseudo scale can correlate with any type of sound waves generated in an event.  
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CHAPTER 3 – DATA DESCRIPTION 

 

3.1    INITIAL DATA DESCRIPTION: 

 

To begin with the project, we initially started downloading the mp3 audio music files of different genres. We 

decided to consider 9 different music genres namely – ROCK, BLUES, LATIN, JAZZ, COUNTRY, POP, 

HIP-HOP, INSTRUMENTAL and OPERA. The reason to consider only 9 genres and not a smaller number 

of genres was that we wanted to broadly consider majority of the events and considering a smaller number 

of genres were not sufficient enough to explain all the events. We also agreed not to consider a greater 

number of genres like 10, 11 or more as there are quite few number of genres whose features and 

characteristics match with one another and considering them would result in overlapping. So, it might get 

difficult to differentiate music genre upon a particular events due to similarity among genres. So, we finally 

decided to work upon nine different genres which could possibly consider large amount of distinct events. 

Here, events refer to the combination of human interactions and natural environmental sounds.  

 

Our main data acquisition sources were Google and YouTube to download songs of different genres. All the 

genres have 50 songs each except from INSTRUMENTAL and OPERA having 25 songs each. In order to 

avoid confusion and mixing of all songs with one another, we made nine different folders with the name of 

each genre and kept all the songs of their respective category under their genre name. We have worked upon 

Librosa library which is a package in python used to analyze music and audio files.  

 

 
Figure 3.1:  Graphical representation of a sound signal 

 

 

The figure 3.1 shows the graphical representation of the sound signal i.e., the values which come out when 

we read a piece of song using Librosa library. Here, the y-axis represents the value from read function of 

Librosa and the x-axis simply represents the count at which the value occurred. As seen in the figure the 

value of the sound signal is fluctuating which means it can be either positive or negative. This fluctuation 

can be treated as increase and decrease of air pressure from above or below the normal air pressure.   
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Table 3.1 shows the sample list of songs in the music corpus and their genres along with their time frames. 

 

 

GENRE NAME SONG NAME TIME FRAME 

BLUE THE RIVER 03:36 

BLUE WONDERFUL TONIGHT 03:43 

COUNTRY SOMEONE I USED TO KNOW 03:29 

COUNTRY NOTICE 03:39 

ROCK DANCING IN THE STREET 03:46 

ROCK BROWN EYED GIRL 03:06 

JAZZ WE ARE ONE 04:22 

JAZZ SOMETHING ABOUT YOU 05:14 

POP TRUTH HURTS 02:54 

POP WE NEED TO CALM DOWN 03:30 

LATIN GAZOLINA 05:06 

LATIN SECRETO 04:17 

HIP-HOP BETTER NOW 03:52 

HIP-HOP MEGATRON 03:24 

INSTRUMENTAL ELECTRIC WORM 03:16 

INSTRUMENTAL TORTOISE 20:57 

OPERA HABANERA 05:15 

OPERA TIME TO SAY GOODBYE 05:08 
Table 3.1: Sample list of songs, genres and their time frames 

 

 

3.2    CHARACTERISTICS OF MUSIC GENRE: 

After rigorous research, we have come to know that the characteristic features are pre-defined for each and 

every genre. Many websites such as – Wikipedia, Google and music genre library have helped us in knowing 

and understanding the key characteristics of every genre.  
 

1. HIP-HOP: Hip hop music is also known as rap music. It initially started in the city of New York. Apart 

from rapping, it is comprised of 8 more elements such as – beatboxing, DJing, Graffiti art, break dancing, 

street fashion, street language, street knowledge and street entrepreneurialism[9]. It has quite a number 

of sub-genres such as – turntablism, conscious rap, experimental hip hop, freestyle hip hop, gangsta rap, 

battle rap, crunk, snap, trap music, west coast hip hop. It has few distinctive features as well like – heavy 

basslines, tempo of 70-100 beats per minute, syncopated drum beats and deep, meaningful lyrics. This 

music genre has consistent beat and they use pre-recorded music in their background. The characteristics 

of modern hip hop music are quite similar to the POP songs as they both have attractive melody, catchy 

chorus, 1-4-5 chord progression, and the quintessential key is that the beat must be well structured with 

plenty of build-ups, breakdowns, variations, bridges, etc. The typical instruments used to create hip hop 

music are turntable, synthesizer, drum machine, sampler, drums, guitar, bass, piano, beatboxing and 

vocals. Rapping is often done to talk about the society and its related issues. It is a combination of poetry, 

spoken words and some singing.   
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2. ROCK: ROCK music is popular genre and was originally named as “ROCK and ROLL”[10]. It is a style 

of music which is mainly centered upon electric guitar. It is based on songs with 4/4-time signature using 

verse-chorus form. It produces bombastic sound. Typically, ROCK music has tempo of 110-140 beats 

per minute. The standard instruments used to perform ROCK music are electric guitar, bass guitar, drum, 

vocals and keyboard.  

 

3. OPERA: OPERA is a music genre which is performed in the art form, which means that the singers and 

musicians gives a dramatic performance by combining text which is also known as libretto and musical 

score. It is usually performed in a theatre called the OPERA house. Typically, OPERA music has tempo 

of 120 beats per minute. The standard instruments used to perform OPERA music are string, woodwinds, 

percussion, Spanish guitar, brass. The music in OPERA is continuous.  

 

4. JAZZ: JAZZ is among one of the popular music genres. It is mainly an instrumental form of music but 

most if the JAZZ tunes contain lyrics. The standard instrument used to perform JAZZ music is 

saxophone, followed by the trumpet. The other primary JAZZ instruments are trombone, piano, double 

bass, guitar and drums. JAZZ music genre is mainly characterized by Blue note, syncopation, swing 

rhythms, call and response, improvisation, and polyrhythm. It uses 12-bar Blue chord pattern structure 

and excellent knowledge of technical and musical skills. Typically, JAZZ music has tempo of 120-125 

beats per minute. 

 

5. LATIN: LATIN music is spread worldwide due to its popularity and it includes music from all the 

different countries. The key features of LATIN music are – conversation, improvisation, use of 

instrument as a freely controlled piece where change in tone, range, power, creation of moods and pitch 

can be done, instrument serves singer with the capability to attain range and voice power. Typical 

instruments of LATIN music are Congo, claves, cow bells, Cuban guitar, and guitarrone. Typically, 

LATIN music has tempo of 96-104 beats per minute.   

 

6. POP: POP music is a sub-genre of popular music. It is a kind of music which does not focus on any 

audience in particular. It tends to exhibit the evolving trends and ideologies. Hence, it is focused on 

technology and recordings and not live performance. It is repetitive in nature as a rhythmic element needs 

to be created. The instruments used in producing POP music are guitar, bass, piano, drums, amplifiers, 

cymbals, electric organs, electric pianos, electric keyboard and polyphonic tape. Typically, POP music 

has tempo of 100-130 beats per minute. 

 

7. COUNTRY: COUNTRY music refers to the music representing people on farms or who are willingly 

interested in expressing their lifestyle. It gained fame for its sweet beginnings and effective way of 

dealing with issues such as work and poverty. It has a melody which soothes heart, mind and soul. 

Instruments which are standard in this genre are acoustic guitar, steel guitar, banjo, bass, fiddle, and 

mandolin. While making COUNTRY music the lyrics are most importantly kept in mind. Lyrics in this 

genre are powerful, emotional, simple, tend to tell a story. Typically, COUNTRY music has tempo of 

79-166 beats per minute. 

 

8. INSTRUMENTAL: INSTRUMENTAL is a form of musical composition which does not have lyrics 

or any kind of speech or singing. It can tend to have some inarticulate vocals or orchestra sounds which 

are effective in creating tunes and melody. There are five main kinds of instruments which tend to 

contribute in INSTRUMENTAL genre namely – percussion, woodwind, string, brass, and keyboard.   
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9. BLUES: BLUES is a vocal and instrumental form of genre which is based on pentatonic scale and 12- 

bar chord progression. Major elements of this genre are – lyrics, melody, rhythm, and harmony. 

Typically, BLUES music has tempo of 40-100 beats per minute. Standard instruments used in creating 

BLUES genre are electric guitar, slide guitar, harmonica, bass, and drums.  

 

3.3    DATA PREPROCESSING STEP: 
 

 

Data is collected in the form of mp3 format of nine different genres. The data in the mp3 file is in binary 

form. It is important to convert the data from binary form to the numerical form so as to fetch all the 

information which is essential to observe and classify the sound signals. To create the numerical form of data 

from the mp3 files we used the load function of the Librosa library.  

 

As we start with nine genres, we have nine folders representing one genre each, each folder contains about 

fifty songs except INSTRUMENTAL and OPERA having 25 songs each. So, in total we have 450 songs in 

our inventory to work with.  

 

Each song is read using the load function of the Librosa library which outputs an array of numbers 

representing the sound signals. As seen in figure 3.1, these sound signals can be interpreted as the fluctuations 

in air pressure values, hence the values can be positive and negative in magnitude. 

 

As all the songs vary in length from each other, so we implemented a sampling technique which is described 

as follows: 

 

1. It is generally observed that songs typically start with a low note (white noise) often having no music in 

the starting. Hence it is important that we consider taking a sample of each song of the genre we want to 

study.  

 

2. Also input to any machine learning model should be consistent in size, so we took a sample size of 40,000 

signal points (which is roughly, 8-9 seconds in playtime) as one sample clip.  

 

3. We take 17 such clips from each song, while discarding the first two clips to ensure we do not take in the 

white noise into the data.  

 

Hence the numerical data looks as following after performing the above described steps;  

50 songs for each of the nine genre, and for each song we have 15 clips of 40,000 signal points each. In 

matrix format the data has the shape of (450*15)ROWS X (40,000)COLUMNS 

 

3.4    FEATURE CREATION STEP: 
 

The initial data created as described above cannot be directly used to run a model atop it as the number of 

dependent columns are 40,000. Also, these signals in themselves do not have the requisite information value 

to help build a classifier, so we take the help of the Librosa library again to derive special features which are 

specific to the sound data. We used eleven functions from the Librosa library to get these special features.  
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Of these eleven features one feature called ‘mfcc’ or  Mel frequency cepstral coefficients, has twenty values 

in itself. Meaning we used twenty mfcc coefficients to capture the information in the sound signals. So, we 

have essentially thirty unique features created using the Librosa library functions. 

 

Four features - tempo, beat times, mean of the harmonic chromagram and mean of the percussive 

chromagram are basically one numerical number calculated from the clips. 

 

Remaining 26 features are transformations of these sound signals meaning each function gives an array as 

the output containing 40,000 values. We use the five basic functions of the statistics to preserve this 

information and simultaneously reduce the dimension of the data. These five statistical functions are; mean, 

median, max, min and standard deviation. Eventually, we have 26*5 features for this set of special features 

plus the four features we mentioned earlier, in total we 134 features to build the classifier on. After this 

transformation we have reduced our dependent variables to 134 features. We call this dataset as the 

preprocessed data which we will split into train, eval and test set. 

 

3.5    DESCRIPTION OF MUSICAL FEATURES: 
 

As discussed above, the songs were divided into clips. Each song was divided into 15 clips which was 

roughly 9 seconds of play time.  Sound signals are processed using the Librosa library to extract the eleven 

musical features from each clip and finally, using these musical features we have derived 134 features of 

each clip using the statistical functions so that more hidden patterns of the sound wave can be exposed. 

 

These eleven musical features made using the Librosa library are listed as below:-  

 

1. TEMPO: As the name suggests, tempo is defined as the pace or speed of music being played. It is also 

known as speedometer of music. It is measured in terms of beats per minute, or BPM.  

 

2. BEAT FRAMES: The term beat refers to the accented note which repeats after fixed intervals of time.  

 

3. MEAN CHROMAGRAM HARMONIC/ PERCUSSIVE: The main agenda of Harmonic/Percussive 

separation is to break the original music signal into harmonic and percussive components. To analyze 

rhythm and tone of a music, such methods are implemented on the audio mixing software. This method 

follows one assumption that harmonic components tend to exhibit horizontal lines on the spectrogram 

and percussive components tend to exhibit vertical lines.  

 

 
Figure 3.2: Two components of the spectogram used in deriving the features from the raw music signals 
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4. CHROMA SHORT TIME FOURIER TRANSFORM: In terms of music, chroma features, also 

known as chromagram is equivalent to the 12 distinct pitch classes. It is powerful tool used to analyze 

music having different pitches and can be categorized easily. One of the important characteristics of 

chroma features is that they are capable enough to capture melodic and harmonic characteristics of music.    

 

5. ROOT MEAN SQUARE ENERGY: It is used to determine the power of the signal. In case of audio 

signals, it corresponds to the strength of the signal, i.e., how much loud the signal is. It is calculated by 

adding the squares of each samples, then dividing it by the number of samples, and then finally 

calculating the square root of the result. The signal energy is defined as: - 

 

 

∑|𝒙(𝒏)|𝟐

𝒏

 

 

The root-mean-square energy (RMSE) in a signal is defined as: - 

 

 

√
1

𝑁
  ∑ |𝑥(𝑛)|2

𝑛

 

 
6. SPECTRAL CENTROID: The spectral centroid is used to measure the “center of mass” of power 

spectrum. This can be determined by calculating the mean bin of the power spectrum. As a result, a 

number will be returned from 0 to 1 which will help in representing that what fraction of total number of 

bins, this frequency is centered upon. This is like a weighted mean: - 

 

 

 

𝐶𝑡= 
∑ 𝑀𝑡

𝑁
𝑛=1  [𝑛]∗𝑛

∑ 𝑀𝑡
𝑁
𝑛=1  [𝑛]

 

 
where 𝑀𝑡  [𝑛] is the magnitude of the fourier transform at frame t and frequency bin n and 𝐶𝑡  is the center 

of gravity of the magnitude spectrum of short time fourier transform.  

 

 

7. SPECTRAL BANDWIDTH: At frame t, spectral bandwidth is defined as the mean-squared difference 

between the frequency spectrum and its centroid. The larger the value of spectral bandwidth corresponds 

to broad spectral frame, and similarly the smaller value of spectral bandwidth corresponds to the narrow 

spectral frame.  

 

(∑ 𝑆(𝑘) (𝑓(𝑘) −  𝑓𝑐 )
𝑝 )

1
𝑝  

𝑘
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        where S(k) represents the spectral magnitude at frequency bin k,  

        f(k) represents the frequency at bin k, and 

        𝑓𝑐  is the spectral centroid.  

 

 

8. SPECTRAL ROLLOFF: It is used to calculate the rolloff frequency for a signal for each frame. It is 

used to determine the skewness of the spectral shape. Spectral rolloff is defined as the point in the power 

spectrum where 85% of the power is at lower frequency. It is also used to separate voiced speech from 

unvoiced speech. The frequency 𝑅𝑡 can be computed as:- 

 

∑ 𝑀𝑡  [𝑛] = 0.85 ∗  ∑ 𝑀𝑡  [𝑛]

𝑁

𝑛=1

𝑅𝑡

𝑛=1

 

 
where 𝑀𝑡  [𝑛] is the magnitude of the Fourier transform at frame t and frequency bin n. 

 

 

9. ZERO CROSSING RATE: It is defined as rate at which signal tends to change its sign from positive 

to negative or vice-versa. It is one of the important features which is recognized in the domain of speech 

recognition and music information retrieval. It specifies how many times signal crosses the horizontal 

axis. It is a measure to determine the noise in the signal.  

 

𝑍𝑡 =  
1

2
  ∑ | 𝑠𝑖𝑛𝑒(𝑥[𝑛] − 𝑠𝑖𝑛𝑒(𝑥[𝑛 − 1])|

𝑁

𝑛=1

 

 

For positive arguments, sine function = 1, 

For negative arguments, sine function = 0, 

x[n] is the time domain signal for frame t 

 

 

10. MEL-FREQUENCY CEPSTRAL COEFFICIENTS: The overall shape of a spectral envelope is 

defined in terms of Mel frequency cepstral coefficients (MFCCs). These are small set of features in the 

range of 10-20, used to represent attributes of human voice. The goal of MFCC is conversion of audio in 

time domain into frequency domain. It is done so as to explore and comprehend all the necessary 

information in speech signals. We have used 20 initial coefficients to capture the Mel information. 

 

 

 

 

 

 

 

 

 

https://en.wikipedia.org/wiki/Speech_recognition?source=post_page---------------------------
https://en.wikipedia.org/wiki/Speech_recognition?source=post_page---------------------------
https://en.wikipedia.org/wiki/Music_information_retrieval?source=post_page---------------------------
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3.6    DESCRIPTION OF THE STATISTICAL FEATURES DERIVED USING THE 

MUSICAL FEATURES: 
 

 

The 134 features generated using the statistical functions which comprise of the maximum, minimum, 

median , mean and standard deviation functions are described as follows: 

  

1. Mean values of chroma stft, rmse, spectral centroid, spectral bandwidth, rolloff, zero crossing rate, mfcc1 

to mfcc20 

2. Maximum values of chroma stft, rmse, spectral centroid, spectral bandwidth, rolloff, zero crossing rate, 

mfcc1 to mfcc20 

3. Minimum values of chroma stft, rmse, spectral centroid, spectral bandwidth, rolloff, zero crossing rate, 

mfcc1 to mfcc20 

4. Median values of chroma stft, rmse, spectral centroid, spectral bandwidth, rolloff, zero crossing rate, 

mfcc1 to mfcc20 

5. Standard deviation values of chroma stft, rmse, spectral centroid, spectral bandwidth, rolloff, zero 

crossing rate, mfcc1 to mfcc20 

6. Tempo 

7. Beat times 

8. Mean of chromagram harmonic 

9. Mean of chromagram percussive 

 

3.7    TRAIN, EVALUATION AND TEST SET CREATION TECHNIQUE: 
 

 

The following are the steps to create the training, evaluation and test dataset: 

 

a) As fifteen clips were made per song, if we take 80-20 split directly from the preprocessed dataset it might 

lead to clip selection from the same song both in the train and test set. So, we have to create splits in the 

following manner.  

 

b) We separate out four songs from each genre and place its clips in a new dataset calling it test set. This 

ensures that no clip of the song is in the training set. 

 

c) Next the remaining clips of twenty-one songs per genre is first randomized and split into 80-20. The 80 

percent is called as the training dataset upon which the model will be created, and the remaining 20 

percent is called as evaluation set upon which evaluation metrics will be compared. 

 

d) For example, let's say genre-BLUE has 25 songs, clips from the four songs selected at random are kept 

outside as test set. These clips will be untouched until the model is ready. The test dataset will look as a 

(4*15*9) X 134 matrix. 

 

e) Of the remaining clips of the 21 songs of the genre-BLUE, the dataset is a (21*15) X 134 matrix. For 

nine genres we have (songs*clips*genres) X feature-count i.e. (21*15*9) X 134 dataset. This dataset is 

split in the ratio of 80:20 where 80 percent is used as the training set and the remaining 20 percent as the 

evaluation set.  
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f) Once the model is created and verified to perform satisfactorily on the evaluation set, the model is tested 

on the untouched testing set. 

 

 

3.8    DATA PIPELINE – Flow of data through preprocessing steps and model creation: 
 

 

Figure 3.3: Process Flow Diagram  

 

 

The process flow showing the entire flow of data from the ingestion of raw data to the classification of real-

world events is explained in figure 3.3 and each block is described as follows: -  

  

Block 101: Total songs in the training inventory are 400 songs. The training data comprises of 9 folders 

representing the 9 genres namely - COUNTRY, HIP-HOP, OPERA, INSTRUMENTAL, JAZZ, LATIN, 

POP, BLUES, and ROCK, each containing 50 songs (other than INSTRUMENTAL and OPERA having 25 

songs each). 

 

Block 201:  Splitting the songs into 15 clips of length 4,00,000 or (4*10^5) in terms of wave-form signals 

(or 8-9 seconds in terms of music times). Let’s say a song is 9 mins in length, we have skipped first 18 

seconds (i.e. 2 clips) because it is a well-known fact that initially songs do not flow with its pace, its beat and 

tempo rise gradually with time.  

 

So, to generalize any outcome from the clip it is important to see if song has actually started taking its flow. 

The first two clips of each song were discarded and then 15 clips were extracted (15 * 9 seconds = 135 

seconds).  

 

So, the songs have been broken into chunks of 15 clips each. In total we should have 6000 clips as per our 

inventory but as we known songs are of variable length, so in dataframe form the total number of clips are 

5969.  
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Block 301: Raw songs were divided into clips. Each song was divided into 15 clips with roughly 9 seconds 

of each clip.  Sound signals are processed into the Librosa library to extract the 11 standard features from 

each clip and from these standard features we have extracted 134 derived features of each clip using standard 

statistical method so that more hidden patterns of the sound wave can be exposed. These feature set were 

used to differentiate among the genres. These features are the one that will be used in the training set to build 

a model. So, the dataframe was composed with 5969 rows + 134 derived features + 1 target column 

representing the 9 genre. 

 

Block 401: The similar patterns were observed in these 2 pair of genres which resulted into overlapping of 

genres and caused failure in successfully separating them. This was observed in case of the following pairs 

of the genres -   

1. INSTRUMENTAL & JAZZ and 

2. HIP-HOP & POP 

 

The patterns observed in INSTRUMENTAL was quite similar to the patterns of JAZZ. Similarly, the patterns 

observed in HIP-HOP were similar to the POP genre. So, now the dataframe was composed with 5969 rows 

+ 134 derived features + 1 target column representing the 7 genre . 

 

Block 501: The feature columns are scaled (mean=0 and std=1) using the sklearn library function standard 

scaler. 

 

Block 601:  Dense fully connected neural network classifier built on top of the training data. 

 

Block 701: Base model/pseudo scale ready for deployment on the predictions for an event (i.e., the human 

interactions and natural environmental settings). 

 

Block 801: Testing data (the human interactions and natural environmental settings) are used under various 

settings namely – airplane cabin noise, people talking in a restaurant, Music concert noise, sound due to rain 

drops, sound from a kid screaming loudly, children playing in school sound effect, etc.  

 

Block 901: The 134 derived features extracted from the events are fed into the model/pseudo scale to 

generate the classes. Confusion matrix is plotted. 

 

3.9    DATA VALIDATION: 
 

 

Table 3.2 reports the various statistics for each genre. The table has been created using the data after reading 

the songs using the Librosa library. The methodology to obtain this table is explained here, let's take a song 

called “song-X”. We first read this song-X using the Librosa library function - load, which reads the signals 

of the song into an array of values. Then this array was split into segments consisting of 400,000 signal points 

which is roughly 8 to 9 seconds interval in terms of song time.  

The first two clips are left to avoid training over silent zone or dead zone of the song because songs usually 

start with low tempo and music slowly builds up, as a result songs starting clips are plagued with false data 

or noise. After skipping the first two clips, 15 clips were taken into account, this matrix looks like a giant 15 

X 400000 matrix.  
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Using the basic statistics - maximum, minimum, median, mean, 25 & 75 percentile, variance and the two 

sound features - tempo and beat times, we have calculated these values for each of the 15 clips. In matrix 

terms, from 15 X 400000 matrix we get a 15 X 9 matrix where the 9 is the number of statistics and sound 

features were calculated above. For example, to calculate the maximum value we did maximum of 400000 

values of the first clip and so on. Then we averaged these 15 values to come up with the average value for 

each song which is reported in the table above. So, in matrix terms, the 15 X 9 is now reduced to 1 X 9 matrix 

or one row. With the help of this table overlaid with a heatmap we want to show how songs of similar genre 

have values in very close proximity to each other. 

 

Here we have averaged the statistical values for the 15 clips that are taken out from each song of each genre. 

For example, the max value of the song ‘B B King amp Eric Clapton – Riding with the Lion’ of the genre 

“BLUES” means the average of all the 15 maximum values that were extracted from the respective 15 clips 

generated from the song’s sound waves. 

  

Table 3.2 represents the heat map of training music dataset which helps in visual aid to distinguish the values 

of various features. The color variation in this heatmap is represented in terms of range of values. It means 

lesser the value or negative value is showing the trend with deep reds and more value or positive value is 

shown by the trend of deep blues. We are focusing on the block of 4 values of each genre of a column. It is 

observed that in most of the cases the block of 4 values of each genre are quite close enough to each other 

and are represented using the same color for all the 4 songs of a particular genre under a specific column.   

 

The values in the table can be positive or negative depending upon the signal’s values in the songs. In general 

sound signals with positive and negative values can be treated as air pressure increasing and decreasing above 

or below the normal air pressure. Hence values for minimum will be negative in the table but for median 

values they may be positive or negative depending upon the genre of the song.  
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Table 3.2: Validity of the training music dataset 

 

 

As seen from the table 3.2 above, the four songs which belong to the same genre contains values which are 

very close to each other. Such as, the quarter - 1 (or 25th percentile) value for the four songs belonging to 

the genre “OPERA” are (yellow colored block) -0.028066, -0.036816, -0.028013, -0.044198, and which are 

similar to each other, but different from the other genres quarter - 1 values. The values throughout the table 

show distinct values when it comes to comparing the values across the genres, but the difference fades away 

when we compare the songs of the same genre. 

 

One more interesting thing is the closeness of the values for INSTRUMENTAL and JAZZ genres, which 

hints at the fact that the two genres may be redundant and may be well merged into one genre.  
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3.10    EXPLORATORY DATA ANALYSIS: 
 

 

The journey of the data has been so far as following – songs were cut into clips. Each song was divided into 

15 clips which was roughly 8-9 seconds of play time.  Sound signals are processed using the Librosa library 

to extract the eleven musical features from each clip and from these musical features we have extracted 134 

derived features for each clip using statistical functions. The main reason to use the statistical functions over 

these musical features was to extract meaningful information from certain musical functions whose output 

was an array in itself, such as Mel frequency coefficients. 

 

These feature set were then used to differentiate among the genres or essentially speaking these features are 

the one that will be used in the training set to build a model. Another important step followed after building 

these features is the process of scaling where each independent variable was scaled using the standard scaler 

function provided by the sklearn preprocessing library.  

  

As discussed earlier that the similar patterns can result in overlapping of genres. This was observed in case 

of the following pairs of the genres :   

1. INSTRUMENTAL & JAZZ and 

2. HIP-HOP & POP 

  

3.10.1    PCA (PRINCIPAL COMPOENENT ANALYSIS): 
 

The patterns observed in INSTRUMENTAL was quite similar to the patterns of JAZZ. Similarly, the patterns 

observed in HIP-HOP were similar to the POP genre. So, we tried merging these two pairs of genres by 

seeing the basic statistics table where differentiating between these two pairs was difficult. To show the 

strength of 134 derived features in successfully differentiating the genres following 2-D PCA plots and t-sne 

plots for the raw and scaled data are shown below. 

 

There are 134 derived features, but it is not feasible for us to plot a graph having 134 features as we do not 

135 axis to see the functionality of these features. For example – Suppose we want to plot a coordinate (1,2) 

on a graph. To do this we just need two axis and we can easily plot a coordinate (1,2). But here we have 134 

points which is not feasible to be seen on a graphical representation. To overcome this issue, we have used 

one of the dimensionality reduction techniques called PCA or Principal Component Analysis. PCA technique 

focuses on decomposing n number of dimensions into required number of components. Here, we have tried 

to decompose 134 dimensions into two components. PCA is known to be an unsupervised method and it is 

quite difficult to interpret the two axis because it is a combination of complex mixture of the original features. 

PCA component is basically a dimensional reduction technique, which helps in visualizing these numerous 

variables by transforming them into two or three variables which in turn can be plotted on a graph.  

 

PCA function (x1,x2,x3,x4...x134) => (P1,P2) 

Where, x1, x2, x3, x4...x134 represent the 134 columns or dimensions which are transformed to the new 

values P1, P2 which are used to plot a 2D graph shown in Figure 3.4 
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These P1, P2 values have no significance in themselves. As PCA is used in visualizing and figuring out 

patterns in the data, we have clubbed the PCA output and information from the labelled classes to color each 

point on the graph. As the two information are used in conjugation it helps in visualizing the apparent groups 

in the graph. It proves that the derived features (134 columns) created have the information value that can be 

used by some classification algorithm to segregate the song clips into respective genres. 

 

It is important to scale our data before applying PCA, such that each feature has unit variance as the fitting 

algorithms are highly dependent on the scaling of the features. Here, we have used StandardScaler module 

for scaling every feature individually. StandardScaler module subtracts the mean from each feature and then 

scale to unit variance. One of the important applications of PCA plot is that its components are orthogonal 

to each other and are not correlated to each other, so we could see all the seven classes distinctly.  

  

The principal component analysis as shown below for the musical and scaled musical data is shown below 

in figure 3.4. The PCA plot alone does not give much information as we can see in the musical data plot. 

The musical data here represents 134 derived statistical features on song clips which are demonstrated in the 

form of data points. And upon scaling those data points using the normalization technique the next graph is 

plotted. We have added the extra information in this plot referring to the labels of these points which are 

already known. This extra information was superimposed with the PCA plot thus showing us the trend that 

the labels which appear to be similar are grouped together. In fact, the scaled data shows a clearer distinction 

between the genres as the scaled data has the same range of values which help the PCA classify the points 

with greater accuracy. PCA plot does not describe or reflect any relationship between the points, it tends to 

signify the cluster of points of the same genre being clubbed together. 

 

 

 

 
Figure 3.4: Principal Component Analysis of the musical and scaled data after extracting the 134 features from the musical data 
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3.10.2    T-SNE (t- DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING): 
 

T-SNE or t-Distributed Stochastic Neighbor Embedding is a well-known non-linear dimensionality reduction 

technique which enables us to find the patterns in the data by discovering distinguishing clusters on the basis 

of resemblance among data points with multiple features. It is used to map multi-dimensional data into a 

lower dimensional space, where input features are not taken into consideration. 

 

The ideology of using T-SNE is same as PCA, both helps in dimensionality reduction. But T-SNE is 

considered far more robust as compared to PCA. T-SNE plot does not deal with detailing of every single 

point, it is used to observe the clusters of points of the same genre. If we are able to observe the grouping, 

then it means the features made are sufficient enough to classify the points.  

 

The t-sne plots for the scaled data show a very clear distinction between the various genres, which means we 

have created 134 derived statistical features that have the capacity to generate models/classifiers that can 

segregate music into these genres. As described in the PCA plot discussion, t-SNE is also essentially, a 

dimensional reduction technique which is slightly more advanced. In simple terms, the mathematical 

function used in t-sne as compared to PCA helps in identifying the patterns hidden within the data with 

greater probability of keeping the similar points together and keeping the dissimilar points farther from each 

other. As discussed earlier in PCA where the transformation occurs for the 134 derived statistical features to 

two components and in conjugation with the labelled data information it enables us to plot a graph where we 

can see the groupings with greater clarity. In case of t-SNE plot we can see the groups to be further separated 

when compared to the PCA plot of the scaled data. This further solidifies our claim that derivation of the 134 

derived statistical features from the initial eleven musical features which we did using the basic sound 

features with the help of Librosa library ensures better segregation between the genres.  

 

 

 
Figure 3.5:  t-SNE plot for the 134 features extracted from the musical data 
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Figure 3.6:  t-SNE plot for the scaled values of the 134 features extracted from the musical data 
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CHAPTER 4 – MODEL CREATION AND DESCRIPTION 
 

4.1    PROCESS FLOW: 
 

 

A summary of the steps followed in the project are as follows: 

 

1. As music data is widely available on the internet, we simply used Google and YouTube open sources as 

our raw data acquisition resources. We first decided upon the genres that would sufficiently describe the 

pseudo scale and encompass all the sound waves that may be generated in an event. Event is described 

as a combination of natural environmental sounds and human interactions.  

 

2. We found out that 9 genres namely, COUNTRY, JAZZ, POP, ROCK, LATIN, HIP-HOP, BLUES, 

INSTRUMENTAL and OPERA were sufficient enough to explain the various sound waves of an event. 

We decided to use only 9 genres and not more because there are many genres which overlap among each 

other as their tempo and beat times are similar. So, it would be difficult to differentiate the event upon 

the specific genre. It chooses 9 genres as we wanted to cover all the possible sound waves which is 

encompassed by an event.  

 

3. As the songs are of variable length, we decided to break the song in the form of clips of a constant length 

of 400,000 signal points (which is roughly 9 seconds) and then perform our study. Using trial and error 

method, we initially started with the clip length from 10^6 signal points and then our model was best 

fitted with 4*10^5 clip length. The reason for selecting 9 seconds of sound waves is merely to train the 

model sufficiently to predict the labels in a time limit that would render this model useful in real world 

scenarios where decisions can be made based on the output of the algorithm designed.  

 

4. After doing an extensive literature survey we found out that music classification often is not done on the 

raw sound signals but the derived features which can be easily calculated using the Librosa library. Raw 

songs were divided into clips. Each song was divided into 15 clips with roughly 9 seconds of each clip. 

Sound signals are processed into the Librosa library to extract the 11 standard features from each clip 

and from these standard features we have extracted 134 derived features of each clip using standard 

statistical method so that more hidden patterns of the sound wave can be exposed. These feature set were 

used to differentiate among the genres. These features are the one that will be used in the training set to 

build a model. These features are scaled using the standard scaler function provided by the sklearn 

preprocessing library. The dataset was split in the ratio 80:20 where 80 percent of the song clips were 

used to build the model and the remaining 20 percent of the songs were used to evaluate the model. We 

used the entirely different set of 4 songs of each genre to test our model.  

 

5. Referring to point 2, the similar patterns were observed in these 2 pair of genres which resulted into 

overlapping of genres and caused failure in successfully separating them. This was observed in case of 

the following pairs of the genres -   

INSTRUMENTAL & JAZZ and 

HIP-HOP & POP 
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The patterns observed in INSTRUMENTAL was quite similar to the patterns of JAZZ. Similarly, the 

patterns observed in HIP-HOP were similar to the POP genre. So, we merged these two pair of genres 

by seeing the basic statistics table where differentiating between these two pairs was difficult.  

 

6. As a standard pre-processing step, we normalize the data using the pre-processing library sklearn and its 

function standard scaler. The scaling had to be done because some features where in the range of 

hundreds such as tempo and beat times whereas spectral bandwidth varies in the range of -1 to 1. So, it 

is essential to normalize the data in a particular range. In most cases, it also greatly influences to speed 

up the calculations in an algorithm.  

 

7. The dataset was split in the ratio 80:20 where 80 percent of the song clips were used to build the model 

and the remaining 20 percent of the songs were used to evaluate the model. We used the entirely different 

set of 4 songs of each genre to test our model. 

 

8. A simple dense fully connected neural network architecture was deployed to build a model for our use 

case. An optimal activation function to solve this problem was found to be the tanh function. We also 

tried other activation functions and varied number of hidden layers with variable neurons to optimize the 

architecture. 

 

9. The base model or pseudo scale was ready to be tested on real world scenarios. 

 

10. Sound waves such as two people interacting, rain sounds, bike noise etc. have been tested upon the 

pseudo scale. 

 

11. The final output showed the various clips being flagged as a particular genre or point on the pseudo scale. 

 

4.2    MODEL DESCRIPTION: 
 

The preprocessed data in the format of 134 columns with almost 6000 rows is fed into various machine 

learning models to build a suitable classifier. As the data is non-linear in nature using simple ML algorithms 

did not produce satisfactory results. Using a neural network model with dense networking made sense, as 

the data was pure with no missing values or noise. The choice of activation functions which help in capturing 

the non-linearity in the data was done by running multiple simulations using varying activations as described 

in the next section. Variation in the number of hidden layers and number of neurons in each hidden layer 

was also performed. In all these experiments the metric to judge the performance was by testing the model 

accuracy on the 20 percent of the data. Once the activation function and the number of neurons in each hidden 

layer and the number of hidden layers is confirmed, the model can be used as a pseudo scale to categorize 

the events where natural sounds are interfaced with human voices. As discussed in the previous chapter we 

hypothesized that if our model/scale is working as intended then the predictions for an event (i.e., the human 

interactions and natural environmental settings) should be consistent. For example - an event where two 

people are having a verbal argument should generate predictions that are mostly in the higher range of 

loudness and pitch, in terms of our pseudo scale which maybe HIP-HOP or ROCK, which is generalized by 

looking at the characteristics of each genre as shown in section 3.2. If our hypothesis holds true, i.e., the 

model gives a consistent prediction for the events, then we can say that our model/scale works as intended. 
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4.3    EXPECTATION OF THE MODEL BEHAVIOUR: 
 

 

To validate our methodology, we build a hypothesis that sound wave of an event with varying degrees of 

loudness, tempo and pitch should fall under similar genres. i.e., for example, let’s say we have a human 

interaction under a setting where 2 people are interacting in a normal tone, then the model should give the 

same genre in most of the clips that we created out of this setting. For example- a setting where kids are 

making noises at a very high pitch and loudness must have most of the genres predicted as ROCK as seen 

visually from the characteristics of various genres mentioned in section 3.2.  

  

Another important hypothesis is that all the clips of a particular event cannot be predicted as the same genre. 

Rather, a range of genre should be predicted depending upon the variations in the sound waves during an 

event such as  multiple people talking in a given scenario would show various genres predicted at different 

time intervals. This is due to the fluctuations observed during the event as there may be time frames when 

lots of people are talking at high note, or may be silent for some time, and vice-versa. 

 

4.4    EVALUATION METHOD: 
 

 

We have created a neural network model using the dense layer configuration where we have used a range of 

activation functions. Activation function plays a pivotal role in the domain of Artificial Neural Network to 

learn and understand the things which are quite complicated to perform a non-linear complex functional 

mapping between the inputs and the response variable. The aim of activation function is conversion of an 

input signal of a node to an output signal. The output signal is then treated as input to the next layer and so 

on. Without an activation function, the output signal will be a simple linear function. A linear function is 

nothing but simply a polynomial with degree equals to one. It is quite easy to solve a linear equation, but the 

main hurdle is that they are not enough to learn complex mappings from the data and are limited in terms of 

complexity. So, we can say that without an activation function, a neural network is a simple Linear 

Regression Model having restricted power and cannot perform well all the time. So, we essentially want our 

neural network to not only learn and solve linear function but also perform well on complicated data like 

images, videos, audios, speech, etc. There are various types of activation function and we have tried some of 

these flavors in the project which are described below: 

 

 

ReLU (Rectified Linear Unit):-  

 

It is among the most commonly used activation function in today’s world. As it is seen from Figure 4.1 that 

the ReLU is half rectified from the bottom. Its range lies from 0 to infinity. The major issue with ReLU is 

that all the negative values become zero instantly, thus decreasing the model’s ability to fit or train 

appropriately.  

 

RELU(x) = { if x < 0 : 0 ; else if x >= 0 : x } 
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Figure 4.1: Graphical representation of ReLU activation function 

 

 

ELU (Exponential Linear Unit):-  

 

It is an activation function which tends to meet the cost to zero more rapidly, to produce more accurate and 

precise output. As compared to other activation functions, ELU has an extra alpha constant which must be a 

positive number. It is quite similar to RELU except for its negative inputs. For the non-negative inputs, they 

both are in the form of the identity function. ELU tends to smooth slowly till its output becomes equal to -α. 

The disadvantage of using ELU is for all values of x > 0, it can arise the activation function with the output 

range of [0, ∞] 

 

 
Figure 4.2: Graphical representation of ELU activation function with α = 1 
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SELU (Scaled Exponential Linear Unit):-  

 

It is an activation function which corresponds to the ELU function with  𝜆 = 1.0507, α = 1.67326.  

 

SELU(ɑ, x) = ƛ { if x < 0 : ɑ(ex - 1) ; else if ( x >= 0 ) : x } 

 

 

 
Figure 4.3: Graphical representation of SELU activation function 

 

 

tanh (Hyperbolic Tangent):-  

 

Tanh activation function resembles the sigmoid function. Tanh is known to be the scaled version of the 

sigmoid function. Its range lies from -1 to 1. The reasons for using tanh in our deep learning neural network 

is as follows:-   

1. It is easy to backpropagate the errors as the function is non-linear. 

2. It is having range from -1 to 1, thus taking into account all the positive and negative information. As 

the music signals in our case can be both positive and negative signifying different information it is 

worth noting that the success of using this activation function is pretty high. 

3. It is continuous and can be easily differentiable at any point. 

 

tanh(z) = ( ez - e-z ) / ( ez + e-z ) 

 

 



32  

 
 

Figure 4.4: Graphical representation of tanh activation function 
 

 

We tried various activation function and observed from table 4.1 that tanh was among the one giving us the 

best-optimized results and accuracy. The table shows both the evaluation set and test set accuracy and loss. 

Test data comprises of the four songs which are completely different songs from the ones used in training 

set. If the configuration is performing well in the test set, then that configuration is the closest to an optimal 

solution. We tried various activation functions to help modulate the music signals, as seen from the table 

tanh seems to be the most effective. A possible reason would be due to the varying ranges of values in the 

data. As tanh is easily able to handle data points that are well beyond 1. The rectified linear function seems 

to be performing the worst on the test set. An effort to find the optimal configurations for the activations 

functions was followed as shown in table 4.1 to depict the variation in accuracy as activation functions were 

altered. 
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Table 4.1: Predictions on the evaluation and test set while varying activation functions and configurations layers 

 

 

The table above shows which activation functions perform better with the dataset. The testing criteria is the 

performance on the 4 test songs which have been supplied latter to the model to predict the class of the genre. 

The evaluation accuracy is the performance on the train data later which is split into 80:20 set. Clearly, tanh 

seems to be the best activation function in terms of accuracy on the testing data.  

 

Configuration details means the number of derived features, number of neurons in the first layer, number of 

neurons in the second layer, number of neurons in the third layer, number of neurons in the fourth layer, 

number of classes in the output layer. It is visible from the table the details under the configuration section 

is adding up as the layer count is increasing. 

 

Evaluation accuracy is the accuracy metric obtained from the data which is used in the evaluation set. Here, 

the evaluation set is the split data i.e., 20 percent from the initial training set. Evaluation loss is the loss 

calculated using the sparse categorical cross-entropy function on the evaluation set i.e., 20 percent of the 

initial training set. 

  

Test Loss and Test Accuracy are the metric values for those special set of 4 songs of each genre which were 

kept outside the initial training set. The clips of these set of 4 songs each, were not at all used for training the 

model. 

 

 

 

 

 

Serial no.                    Activation Function                No. of Layers           Configuration Details               Evaluation Loss         Test Loss       Evaluation Accuracy     Test Accuracy 
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Figure 4.5 represents the fully connected neural architecture showing the hidden layers and the activation 

function is used. A fully connected neural network is a network which consists of series of fully connected 

layers. Each neuron in the fully connected neural network is connected to every neuron in the previous layer. 

We used fully connected neural network because we had data which is clean and representative of class truly 

having no noise. We often tend to use semi-connected or convolutional neural network (CNN), when we 

have an image classification problems.  

 

Here, we have used tanh and softmax functions. Reason for using tanh activation function is that it is having 

a range from -1 to 1, thus taking into account all the positive and negative information. It is also observed 

from table 4.1 that tanh provided us the best optimization as compared to other activation functions.  

 

The softmax function is used to calculate each target class probability over all the possible target classes in 

the model. The primary reason for using softmax function is that its output probability range lies between 0 

to 1, and the sum of all the probabilities should be equal to 1. This function is often used in multi-

classification problems where the probability of each class is represented by a decimal value between 0 to 1. 

The class with the highest probability is assigned to the data point. 

 

 

 
Figure 4.5: Neural Network Architecture showing the complete dense hidden layers and activation functions used 

 

 

The architecture that provided us the optimal prediction contained 4 hidden layers with 50 epochs. The input 

layer had 134 derived features upon which the model was trained. The hidden layers had the tanh as the 

activation function. First hidden layer had 200 neurons, second hidden layer had 100 neurons, third hidden 

layer had 50 neurons, fourth had 25 neurons followed by softmax function output layer which had 7 classes. 
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All the neurons in one hidden layer were completely connected to the next hidden layer neurons. This 

architecture has given us a consistent accuracy on the test set of more than 55 percent. 

 

The main reason of using 50 epochs and not more or less is that it was observed from table 4.2 that 50 epochs 

provided the best accuracy in both the evaluation set and test set. We varied the epoch count from 20 to 100 

with an increment of 10 steps so see which count of the epoch is best fitted for our model. 

 

 

 

 
Table 4.2: Variation of epoch count  

 

 

A basic thumb rule is to keep the number of neurons within the input number of features and the number of 

classes, we have 134 inputs and 7 classes as the output. Using the strategy of dividing the number of neurons 

in the past hidden layer when moving to the next hidden layer we experimented with 2 to 4 hidden layers. 

We found that with a configuration setting of tanh as the activation function and 4 hidden neuron layers we 

observed a good accuracy with evaluation set and the test set. 

 

We followed the strategy of dividing the hidden layer count of the previous layer in the next layer. This 

would mean we compress the information at twice the rate at which the information enters the layer. As we 

had 134 starting inputs, we decided to first inflate the information to the level of 200 neurons and then we 

followed the above strategy, wherewith each subsequent layer we divide the number of neurons. So, the layer 

2 has 100 neurons, hidden layer 3 has 50 and finally, the fourth hidden layer has 25 neurons. 

 

The main reason to use CNN is to allow the learning from the data to be convoluted i.e., use a part of the 

data to enhance the learning or classification. It is specially used in the classification of images where the 

identification of the target element in the image can be anywhere within the boundary. In the case of music, 

the sound waves are assumed to be a pure or true representation of the genre they belong to. As a result, 

using a fully connected neural network makes sense as a part of the sound wave does not convey the correct 

or sufficient information to classify them to the respective genre. Hence, we used a fully connected neural 

network architecture. 

 

 

 

 

                     Epoch Count                        Hidden Layer Count          Configuration Detail                                    Evaluation Loss           Test Loss     Evaluation Accuracy      Test Accuracy 
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4.5    TESTING OF MODEL: 
 

Four songs belonging to each genre where kept separate to ensure correct measure/validation of the classifier 

created. One major draw-back while building and evaluating the model was the use of the same song’s clips 

in training and evaluating on the same song’s clips.  

 

For example, a song x having 15 clips and by doing random shuffling, it has 12 clips in the training data and 

3 clips in the evaluation set, and as songs have a tendency to have repeated type of lyrics or music it can lead 

to overfitting problem with the model. To mitigate this problem, we decided to evaluate the model using 

songs that had absolutely no clips to be trained upon. These songs were cut into 15 clips discarding the first 

2 and using them as the test set.  

 

The first two clips were avoided to train as most of clips had a silent zone or a dead zone in those clips. Songs 

usually start with low tempo and music slowly builds up. Thus, the first two clips were skipped, and the 

remaining 15 clips were taken into account for each song. Otherwise the first two clips of each song would 

be very difficult to categorize for the algorithm as most of them would have these dead zones corresponding 

to white noise. 

 

The outputs from these data points when exposed to the classifier are shown below. Interestingly, when we 

use the 9-genre classifier, the output was very poor with an accuracy of only 42% which is not acceptable. 

A closer look at the confusion matrix gives us a clearer picture as to why such a poor performance is being 

shown by the classifier. The two major flaws with this classifier are that most of the true INSTRUMENTAL 

songs are flagged as JAZZ music and most of the HIP-HOP music is being flagged as POP. To address this 

situation, we decided to decrease the number of genres with support from the evidence provided while 

understanding the basic statistics above as well. 

 

 

 
Table 4.3: Confusion matrix for the predictions made on the test data using 9 genre model 
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In the confusion matrix, the true values are represented on the columns and the predicted values on the rows. 

After merging the pair of genres of (INSTRUMENTAL & JAZZ and HIP HOP & POP), we observed a 

significant increase in accuracy as shown below in the table, where the accuracy is almost 58 percent. The 

two major failures are the BLUE and the POP songs which are being classified erroneously. 

 

 

 
Table 4.4: Confusion matrix for the predictions made on the test data using 7 genre model 

 

 

The neural network model generated above using seven genres can now be used as a scale to predict the 

classes for  the events or human interaction sounds. In the next chapter categorization of these events are 

discussed. 
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CHAPTER 5 – EVALUATION OF THE MODEL ON THE REAL-

WORLD EVENTS 

 

5.1    RESULTS AND DISCUSSION: 
 

 

Various sound waves of natural environmental settings and human interactions were acquired from sources 

such as YouTube and Google were collected as the test data, and the similar preprocessing was performed 

on them to generate 20 clips for each sound wave. These clips were passed to the model to predict the most 

appropriate genres. Each event was divided into 20 clips each and the following predictions were summarized 

in the table below. Here, an event refers to the sound waves of natural environmental settings and human 

interactions. These events were tested manually and using the fully connected neural network, just to observe 

and clarify if our model is predicting accurately and effectively. Manual testing of these events was done by 

listening to each and every event and comparing its characteristics from section 3.2 and then marking its 

genre for every 9 seconds.  

 

 

 
Table 5.1: Predictions of genres for sound waves in various environmental settings 

 

EVENT                                                                                                                            COUNTRY                LATIN               BLUES                 POP                    ROCK              OPERA      INSTRUMENTAL 
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Inferences from table 5.1 which shows the prediction results: 

The result shows the following important inferences that can be made regarding the model or the pseudo 

scale that our study has generated: 

1. Control sounds such as airplane cabin noise which are constantly the same sound waves going in loops 

show a consistent genre prediction. Consider the environment of an airplane cabin where there is constant 

noise of the engine, this event has been flagged to the genre ROCK by the model. 

2. The standup comedy sound in front of a group of people or audience exhibits BLUE genre as a lot of 

people are laughing at the same time with a high pitch which is one of the characteristics of BLUE. 

 

3. People talking among themselves in a restaurant sound has been classified as BLUE, COUNTRY and 

POP genre which is done correctly as some people might have a low voice, while the others may be 

laughing or talking at a higher pitch. We can also think of a perspective when few of them may be silent 

and listening to the conversation.  

 

4. A setting where children are playing in a school and a lot of noise is happening as shown in table is 

classified as BLUE, ROCK, COUNTRY, POP and INSTRUMENTAL as in the audio clip we can 

observe various activities being performed by kids, when they are in the classroom, or when they are 

having fun time, or when they are reciting morning prayer. So, all these activities are performed by a 

number of children present at the school with multiple tones and wide range of loudness which led their 

activity in the school is classified into 4 genres.      

 

5. Music concert by Drake is classified as BLUE and ROCK, which is correct as Drake is a ROCK singer, 

while the audience screaming and shouting at the concert exhibits BLUE genre. 

 

6. Spiritual recitation of people in a gathering corresponds to BLUE and ROCK genre as ROCK genre 

explains the beat and BLUE genre explains the high pitch caused by the gathered people who are singing 

and meditating God.  

 

5.2    PROS AND CONS OF OUR MODEL: 

 

Pros - Since we have trained the model having a song clip of approximately 8 to 9 seconds, we can test a 

similar event which is at least 9 seconds in length, giving us a fairly small window to deploy this model in 

the real-world scenario.  

 

One major use case of this project would be in quick detection of an event in a particular place. For example, 

an altercation taking place in a mall hidden behind some pillars where the monitoring by CCTV is not 

possible, categorization of such events using the sound waves can be a very effective strategy. In such 

scenarios, the model should be able to predict the severity of the sound wave on the pseudo scale with the 

least possible amount of data or time. Hence having a model with a time frame on 8 to 9 seconds as the 

required amount of sound waves to flag an event is of vital importance. 
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This project can also be used as a starting point to understand the emotional quality of a sentence spoken by 

any human. To create a true AI robot, one major roadblock is the failure of understanding sentences framed 

by human beings is due to the emotional information attached to the sound signals. In the current endeavor 

to create an AI robot, the conversion of the sound signals to raw words has been achieved but deriving the 

emotional information has been a severe challenge. Using this project’s pseudo scale, one can create a speech 

recognition with the capability to understand the emotion behind the speech as well. 

 

Cons – There are 44 phonetics in the English language and all the words spoken i.e., human interactions are 

composed using these phonetics. On the other hand, music can be easily broken into octaves. Any music can 

be composed using these octaves. Since we are trying to decompose 44 phonetics into a scale of 8 octaves 

there is a huge chance that some phonetics will overlap into one another as the phonetics which are very 

close to each other will be predicted as the same genre by the model. As a result, there will be multiple 

predictions for the same even. As seen from the output of the various events, there are many such instances 

where a particular event is composed of multiple genres. For example - people making noise while riding a 

roller coaster had genres ranging from BLUES, COUNTRY to POP and ROCK. 

 

As songs are often a mixture of many types of genres in themselves and categorization may not be very 

accurate it is worth mentioning that increasing the number of songs in the training dataset would mitigate the 

chances of songs falling in the same genre but having different musical styles.  As the volume of the data 

may increase tremendously due to the vast amount of array of floating numbers involved in training data, 

Graphics Processing Unit (GPU) support can be greatly beneficial in training the model faster. 
 

5.3    FUTURE WORK, SUGGESTIONS AND CONCLUSIONS: 

 
1. We can train the model on a larger dataset with a lot more songs and a greater number of clips per song.  

2. We only looked for a neural network architecture that contained dense networks, other networks such as 

Convolution Neural Network and Recurrent Neural Network may be also used directly on the raw sound 

clips rather than extracting features as we did. 

3. Since, it is out of the scope of this project, we have not tested the model on multiple environmental 

sounds. A further dedicated study could have been made how phonetics relate to the octaves in multiple 

situations. 
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