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Detection of the Optimum Spectral Roll-off Point using
Violin as a Sound Source
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Abstract

Feature functions were used for the classification of music. The spectral roll-off, variance,
average peak level, and class were chosen to make up a feature function vector. Among these,
it is the spectral roll-off function that has a low-frequency to high-frequency ratio. To find the
optimal roll-off point, the roll-off points from 0.05 to 0.95 were swept. The classification success
rate was monitored as the roll-off point was being changed. The data that were used for the
experiments were taken from the sounds made by a modern violin and a baroque one. Their
shapes and sounds are similar, but they differ slightly in sound texture. As such, the data
obtained from the sounds of these two kinds of violin can be useful in finding an adequate
roll-off point. The optimal roll-off point, as determined through the experiment, was 0.85. At

this point, the classification success rate was 85%, which was the highest.
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The present searching systems discriminates
against multimedia files by using titles of the files.
If the file is incorrectly titled, there is no way to
know the contents of the file. It would be helpful in
processing music files and greatly increase the speed
at which they are found, if there were a system that
recognized the contents of music files and classified
music files automatically.

The main factor of music automatic classification
is finding characteristics which discriminate
musical form.The
classification is finding the characteristics that

key to automatic music
would allow one to discriminate between musical
forms. To compare different kinds of music, some
data were extracted from music and were converted
to compact data.

The
pre-processing that is done before the classification
of the data. It can be obtained through the

conversion of raw data, which can be used for

feature  vector results from the

direct comparison and classification. But since the
dimensions of raw data are usually very high and
the information is just repeated, the feature vector
is not commonly used in classifying music (1).
Usually data file(Raw data) is processed by Fourier
transform, and then attributes extracted from raw
data. Among those data,

selected to make feature vector.

some attributes are

[ Raw data }-‘—-‘ Extraction ]W Selection ]T Feature vector ]
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Figure 1. Generating a feature vector from a dataset input

The astounding ability of human's music

perception abilities are revealed by D. Perrot and

R. O. Gjerdige [(2). Classical, blues, country,

dance, jazz, latin, pop, r&b, rap and rock, 10
genres used for experiment and each genre is
composed of 8 songs. 3000ms, 475ms, 400ms,
325ms, 250ms length samples picked from each of
the songs. 52 college students participated in the
experiments. They are heard arbitrarily chosen
samples, subsequently choosing one genre within
the above 10 genres that best described it. The
results compared to the CD vendor's classification.

Accuracy of success was 70% using 3000ms
samples. Considering the obscurity of the music
genre in some cases, the success rate is relatively
high. While the success rate of the experiment is
40% when using 250ms samples. This research
showed that any high level inferences are not
necessary to genre classification. As implied in
the short time sample where it was difficult to
grasp rhythm, melody and structure, the
students in the experiment totally depended on
spectral, timbral attributes for their judgments.

Purpose of this paper is to find optimal
parameter in the process of feature vector
extraction. Feature functions generate feature
Feature functions which used in this
paper listed O. Among these
functions, spectral roll-off function is analysed to
and the

chapter 1

vector.
are chapter
obtain exact parameter result of
experiment is presented in

Conclusion is presented in chapter IV.

Il. Feature Functions

To classify musical categories, it is indispensable
to extract some characteristics from music that
represents a short time frame within the music
sample. Characteristics can be called features.
Feature values are acquired from raw data. As
the dimension of raw data is very high, some
human

converting process is required. The
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auditory system transforms the sound into
frequency components. Fourier analysis is a (1)

powerful tool used in music recognition systems
as it can decompose sound into frequency.

There are several Kkinds of feature functions
that can be used to analyze the attributes of
music signals. These functions are based on sound
processing. To demonstrate how changing the
parameters affects the spectral roll-off function,
extraction

the following four feature vector

functions were used in the experiment [(3).

M Variance
The variance of the PSD value, obtained from
the FFT transformed data.

B Spectral roll-off

Roll-off is a measure of spectral shape. It is
defined as the frequency R corresponding to r% of
the magnitude distribution. It can be seen as a
generalization of the spectral centroid, which is
the roll-off for r = 50%. Eq (1) shows relation of
r and R. When the r is fixed, corresponding R

value is used for feature vector.

R N
nZ::lM,[n]= 7 nZ::lM,[n]

M [ n] is the magnitude of the FFT at frame

t and frequency bin n. To find the optimal r
value, an experiment was conducted in which the
r value was increased from 0.05 to 0.95 in step
0.05.

B Average peak level

The average peak level is the mean peak level.
It is regarded as a peak because its value goes
beyond the critical point. The amplitude and

frequency of the peak are counted.

AVpeaklevel = E

.......................................... (2)
£y

x(¢) is the amplitude and frequency of the
peak.

M Class

Class is the category to which a specific data is
assigned. The classification system that was used
in this experiment can be likened to supervised
learning. The class is used for training in the
supervised learning system.

Some class names that were used in this
experiment were modern, and the others were
baroque. The classifier also uses class names for
training purposes. The result of the classification
was compared to the class name input to aid in
determining whether the classification was right

or wronsg.

I, Experiment

Data files were processed iteratively, and their
variance, spectral roll-off, average peak level, and
class features were obtained. Fifteen-seconds-long
modern and baroque violin files were prepared,
and each violin's data were contained in 100 files.
Each experiment was conducted by increasing the
roll-off point from 0.05 to 0.95 in step 0.05. Thus,
19 experiments in all were conducted to be able to

extract a feature vector.
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Figure 2. Flowchart of the experiment

The k-nearest neighborhood classifier (4) was
applied despite the fact that it is computationally
intensive. In a music data classification system,
it exceeds other kinds of algorithms (5). k-NN
Minkowski which

estimates the distance between feature vectors,

algorithm uses metric(3)

The estimation of successive distances utilizes
Euclidean distance(4) which measures distance of
2 or 3 dimensions. In Minkovsky metric, when

p=2, It means Euclidean distance.

In k-NN algorithm, 1y value is estimated using
k value of x i which is closest to x. Here k is

kind which

according to importance.

can be weighted
The tenfold

validation method was used to acquire training in

of coefficient,

Cross

the classification system. Cross validation is a

general way of training, in which the data are

split into n segments and the other (n-1) parts
are used to acquire training in the classification
system. The last nth segment was used to test
the trained system (6).

Table 1 is an example of a feature vector. The
right

variance, spectral roll-off, average peak level,

numbers from the side represent the
and class, respectively. Among these features,
the class is labeled when the data is inputted for
the train of classifiers. As one row is extracted
from one violin sound file, 200*4 = 800 features
are thus extracted at each roll-off point. As all
the 19 roll-off points were used, a total of
200%19%4 = 15,200 features were used to find the

optimal roll-off point.

Feature Vectors at the Spectral Roll-off Point 0.40

1378.125000, modern
1378.125000, modern
1378.125000, modern
1378.125000, modern
1378.125000, modern

0.004920, 0.156220,
0.004454, 0.159770,
0.007294, 0.206301,
0.003660, 0.132678,
0.004243, 0.144828,
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Figure 3. Example of an extracted feature vector

M success rate of classification %

spectral rolloff points

7 4. 22 ol ol WE 25 AZE
Figure 4. Success rates of various roll-off points
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As shown in Fig. 3, when the spectral roll-off point
was about 0.85, the highest classification success rate of
85.5% was achieved. Table 2 shows the detailed result of
the classification (when the roll-off point was 0.85). At
the left side of Table 2 is a list of class inputs, the upper
part being the experiment result labeled class. From the
200 data inputs, 11 data were classified correctly.

E 1. B2= ZQIE 0.850M 2720t
Table 1. Results of the success rate at the spectral roll-off
point 0.85

Output: modern violin | Output: baroque violin

Input: modern violin 87 13
Input: baroque violin 16 84

2 A HEr

Table 2. All-over accuracy

Correctly Classified Instances 171
Incorrectly Classified Instances 29
Kappa statistic 0.71

Mean absolute error 0.145

Root mean squared error 0.3808
Relative absolute error 29%

Root relative squared error 76.1577%

Total Number of Instances 200

The kappa statistics represent the success rate
of the classification result compared to the data
input. If kappa = 1, the
coincides with the class input. If kappa = 0, the
result does not coincide with the class input. A
negative value of the kappa statistic means that
the probability of the classification success is
lower than that of arbitrary classification (7).
The classification can be regarded as excellent if
the kappa statistic value is higher than 0.9. If it is lower

than 0.7, improvement is needed.

result completely

IV. Conclusion

The music recognition field has many areas to
explore due to it's youth. A voice recognition tool
can be applied to this area because they have a
lot in common. Several experiments has been
done, although they use similar tool in their
experiments. Parameters should be different. In
this paper, proper parameter of roll-off point
function is found in music classification.

Modern and baroque violins are similar in their
shapes and sounds. Their frequency band and
sound texture, however, are slightly different.
These characteristics can be helpful in determining
the optimal parameters of the feature function,
but subtle differences may be regarded as the
effects of a changing roll-off point.

Although the roll-off point was changed, the
overall classification success rate still exceeded
70%. This also proves the effectiveness of the
other As the roll-off point
increased, the success rates fluctuated from 71%
to 85.5%. It was earlier mentioned that in the

above section, the roll-off point was 0.8 and the

feature functions.

success rates turned out to be more than 80%.
Thus, the relatively high proportion of the lower
part in PSD could make it more successful. At
first, the optimal roll-off point was estimated to
be at both extremes in value. As expected, at the
roll-off point 0.85, the highest classification rate
of 85.5% was achieved. In other’s research, they
use roll-off point around 0.80 without logical
explanation.  This
parameter of roll-off point in music classification

paper suggests optimal
and the results are expected to be used in this

field.
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