
Abstract 

 In this paper, we propose a novel algorithm to seg-

ment an audio piece into its structural components. 

The boundaries of the homogeneous regions are de-

cided based on various time and frequency domain 

features. The algorithm has been designed in 2 stages. 

In the first stage, a vocal/non-vocal/silence classifica-

tion is done using multinomial softmax regression. The 

second stage uses a hidden Markov model to ‘smooth’ 

the previous output as well as enforce the time depen-

dent structuring. The training and testing was done 

specific to songs of the popular English rock group, 

The Beatles with an average error window of 600 ms. 

1 Introduction 

The internet has proved to be, by far the most effective 

medium for music distributors to reach out to music-

lovers and enthusiasts by providing them with imme-

diate access to music across geography, genre, artists 

and eras. Domains like amazon.com, iTunes.com are 

popular names in this context. A key component of 

their marketing strategy in this process is to allow a 

hearing of the songs before the users finalize their pur-

chase. Any optimization of this process could help 

enhance user experience and thereby help bring in 

greater returns for distributors. 

 

One such optimization in online music retailing would 

be to allow users to have direct access to different 

segments of a song (like the intro, verse, lead, outro). 

In this paper, we present an approach to solve the 

problem of segmenting a song into these homogeneous 

regions. 

 

Most existing algorithms differ from our approach in 

the sense that we do not consider the full range of the 

frequency spectrum; and instead narrow in on the re-

gion where the information content is maximum and 

can be used best for classification. This, when coupled 

with a hidden Markov model which not only tries to 

negate the classification error of the previous algo-

rithm, but also incorporates musical rules which are 

time-dependent makes our model capture almost all 

rules from the audio domain. 

 

This paper is structured as follows: Section 2 gives an 

insight into the various feature vectors that were tried, 

while section 3 deals with the algorithm development 

and section 4 gives a detailed description of the final 

algorithm and the results. Concluding remarks, ac-

knowledgements and references follow in Section 5. 

 

2 Feature Vectors 

(Henceforth, the term ‘frame’ refers to a sequence of 

1024 audio samples. This frame size is popular in au-

dio analysis due to the tradeoff it provides between the 

audio content and computational complexity) 

 There can be numerous metrics which can be used 

as feature vectors in audio analysis, a few of which we 

have incorporated into our model depending on their 

relevance to the problem at hand; which was classify-

ing a frame into the classes we aimed in the first step 

of the algorithm. These feature vectors were calcu-

lated, as mentioned earlier, on frames of size 1024 

samples. This section gives a brief description of the 

various feature vectors that were tried in the design of 

the algorithm. 

 

 

2.1 Mel Frequency Cepstral Coefficients (MFCCs) 

 A spectrum is a positive real function of a frequency 

variable associated with a stationary stochastic 

process, while a cepstrum is the result of considering 

the spectrum (in mel scale) as the process. An MFCC 
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representation mathematically put, is the Discrete Co-

sine Transform (DCT) of the mel scale representation 

of the frequency spectrum and simply put, is the spec-

trum of a spectrum. MFCCs are very effective in 

representing the audio content as a whole. Their disad-

vantage is that they do not represent the perceived 

loudness accurately. This, in fact, worked in our favor 

because we desire an amplitude-independent analysis. 

Additionally, the number of MFCCs is a tradeoff be-

tween resolution and computational complexity. 

Hence, we narrowed down on 13 coefficients. 

 

2.2 Spectral Flux 

 Spectral flux is a measure the rate of change of the 

power spectrum of a signal and is obtained by compar-

ing the power spectrum of the current frame against 

previous frames. We took average spectral flux over 

15 frames to be our feature vector, because most in-

strumental onset times are lower than this time. The 

spectral flux is expected to be larger for non-vocal 

content because of the onset and decays of instru-

ments. 

 

2.3 Zero Crossing Rate 

 It is the rate of sign changes of a signal in time, i.e. 

the high frequency content. Human vocals are known 

to exhibit a high zero crossing rate, because speech 

can be modeled as a random process. 

 

2.4 Average Energy 

Energy is the square of the amplitude. The 

energy of a frame gives an average of the total fre-

quency content in a frame. This metric differs for voc-

al and instruments like the drums. Hence, it was se-

lected as a feature vector. 

 

2.5 Centroid 

 The centroid is a weighted mean in an algebraic 

sense. In audio analysis, it is that frequency which di-

vides the spectrum into 2 parts with equal energy. 

 

2.6 Rolloff 

 A percentage rolloff can give more information 

about the frequency distribution than the centroid. We 

tried various percentage rolloffs to try to capture the 

distribution. 

 

Apart from these we also tried using the average ener-

gy over the past few frames. We settled upon MFCCs, 

spectral flux, zero crossing rate and average energy as 

our feature vectors because of their relevance to the 

problem and their ability to effectively incorporate 

most of the features. 

 

Data 

 

Data collection in itself is a tricky problem in 

the domain of music because the feature vectors are 

entities which are not directly visible. In order to keep 

the genre consistent over training and testing and to 

avoid boundary conditions due to song arrangements, 

we limited our study to the sound tracks of The 

Beatles. The training set was created by editing the 

soundtracks and creating pieces which contain purely 

instruments, vocals and silence. Structural components 

like outro, intro and bridge were not incorporated in 

the training stage because of a lack of distinction be-

tween them in any domain other than time. The train-

ing set requires a wide range of samples. An important 

thing to note here is that in audio, "wide range" is not 

mathematically but aesthetically. For e.g. in the train-

ing set for vocals, we would need samples with vocals 

in the low pitch, medium pitch and high pitch. Also, 

tracks with different levels of vocal to instrument am-

plitude ratios further add to the variety. Hence the 

training set of soundtracks was decided by careful 

analysis of all the soundtracks to give us a wide range 

of training samples. The data used for training of the 

Vocal and Non-vocal parts consisted of over 3000 

frames. These frames were created from our database 

of songs by selecting small, representative clips (aes-

thetically) of audio. For Silence, 100 frames were 

used. 

 
3. Algorithm Development 

 
 This section deals with the first step in the algo-
rithm. Here, we classify each frame of the song as be-

longing to one of three classes – Non-vocal (N), Vocal 

(V) or Silence(S). These classes were chosen based on 

the fact that they help characterize the components that 

we seek to find in the song. For e.g.: The intro part of 

a song consists purely of Non-vocal content while the 

verse usually contains a good mix of both Vocal and 

Non-vocal content. The Silence class represents por-

tions of the songs which can be ignored and is usually 

found to be at either the start or the end of the song 

The problem of classifying each frame of the 

song as Vocal, Non Vocal or Silence was tried using 

various algorithms like multinomial softmax regres-



sion and support vector machines (with different ker-

nels like linear, polynomial, weighted linear, weighted 

polynomial, rbf) but we selected multinomial softmax 

regression because of its performance over the other 

classifiers. Each frame of the song was thus classified 

based on the maximum probability class returned by 

the algorithm. The feature vectors mentioned in the 

previous section were used with all the classifiers. 

 

Existing algorithms compute the feature vec-

tors based on the whole frequency spectrum (fig a). 

This is the basic initial approach we took. The results 

were far from satisfactory largely because of equal 

important being given to all parts of the spectrum. Al-

so, the maximum vocal frequency formants in case of 

singing occur at around 3000 Hz. The next obvious 

approach was to boost the vocal range (around 300-

3000 hz) in the spectrum (see fig. b). This approach 

did not work even though vocals were boosted because 

of the influence of other frequencies in the spectrum 

being higher. Hence, we decided to apply a steep 

band-pass filter on the training data-sets with a lower 

cut-off frequency of 400 Hz and various higher cut-off 

frequencies like 6000Hz (fig. c), 3000Hz (fig. d) and 

2000Hz (fig. e). The primary reason for choosing the 

lower cut-off frequency at 400 Hz is to avoid using the 

base frequencies which occur uniformly throughout.  

The higher cut-off frequency of 3000 Hz gave the best 

results because it modeled the vocal range best.  The 

performance errors were based on finding the error in 

milliseconds between the segment boundaries pro-

duced by the model and those obtained manually. 

                     

 
  a) Unaltered Spectrum 

 

 
          b) Vocal boost 

 

 

         

 
           c) 400-6000 Hz Band pass   

 

 
    d) 400-3000 Hz Band pass 

 

 
        e) 400-2000 Hz Band pass 

 



The results for an unaltered spectrum vs. a band pass 

of 400-3000 Hz are as follows: 

 

 
       Non-vocal error 
 
 

4. Algorithm 

 
As mentioned in the previous section, a steep 

band pass filter with cut off frequencies of 400 and 

3000 Hz is used on the training data-sets before com-

putation of the feature vectors. The output of this stage 

is a sequence of a combination of the classes Vocal, 

Non-vocal and Silence.   

 

 Now given a time sequence, where each member of 

the sequence represents the class of the corresponding 

frame, the next step is to obtain the structures in the 

song. This is achieved by using a Hidden Markov 

Model, where the hidden states were “Instrumental” 

and “Verse”, with each state “emitting” a Non-Vocal, 

Vocal or Silence frame. The output of the HMM there-

fore represents the sequence of states which are most 

likely to produce the sequence of frames that were ob-

served. 

 

Once the sequence of states is obtained, the 

Instrumental portions of the song are renamed as in-

tro, outro or lead depending on whether they occur at 

the beginning, end or between two verses in the song. 

Such a procedure is followed because the distinguish-

ing feature between the intro, outro and lead is along 

the time scale rather than in any other easily discerni-

ble feature. 

 

 

Error in ms for different songs. 

 

5. Future work 
 The most important issue we intend to work on to 
make the algorithm commercially is to expand the 

range of songs which are classified by the algorithm. 

The decent result for songs of different genres current-

ly is because the model hasn’t been trained for differ-

ent arrangements in songs. We would like to expose 

our model to many more arrangements of songs and 

aesthetic variety of data so that it can work on any ge-

neric sample. 
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