Speech segment classification on
music radio shows using machine
learning algorithms



Introduction

A This was my bachelor thesis but recently we have beet
reproducing the results and submitted a paper on it to

DS2010. The paper, data, samples etc are on my web
Site @http://www.developer—x.com/papers/asot/DSZO10_svm_voice_segment_rlO.pdf

A We were interested in predicting intervals of speech in
electronic dance music radio shows
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Why?
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audio streams i1.e. When are the adverts?
When is the traffic information?

A Audio is slower to index/label than video. On
videos you can scrub through and ascertain
the structure quickly.
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associated temporal metadata.



Methodology

A These radio shows are 2 hours long

A We took an approach typical of machine learning
l.e. discretisinghe show into feature vectors
(representing 1 second each) and training a
learning machine model on historical examples

A For simplicity we worked with 5 minute segments
(299 seconds from each) from 9 different shows.

A We labelled them and used one for training data,
the remaining 8 were concatenated together and
used for testing.



Data (postfeature extraction)

A Training Set

I 299 examples
A28 speech
A271 nonspeech

A Test Set

I 2392 examples
A291 speech
A2101 nonspeech

A 1 second : 1 example



Audio Analysis (1)

A Audio is in the time domain...
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Constant Sine Wave

[ I

% MATILAB code to show a simple sine wave (2500 samples)

]

plot( sin ( ( 200 % 2 = pi / 44100 ) = ( O : 2500 ) ) );



Audio Analysis (2)

A The problem is, in the time domain everything
gets mixed together. Here are 2 simple sine
waves mixed up:

GMATLAB code to show two sine waves mized together

Y%one at 200Hz, the other at 300Hz

200 = sin ( ( 200 = 2 % pi / 44100 ) = ( O : 2500 ) );
2

s300 = sin ( ( 300 % 2 % pi / 44100 ) = ( O : 2500 ) );
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Two sine waves mixed together
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plot( s200 + s300 )




Audio Analysis (3)

A Now lets look at some typical audio from one
of these radio shows.

A Here is about 230 samples of stereo audio.
What a mess!

100th of a second (@ 44.1KHz)



Audio Analysis (4)

A What if there was a way to transform the

signal into the frequency domain, and discard
all time information?

A Enter Fourier analysis

% MATLAB code to plot the first half of the DFT vector
2 % note that the second half is a rotational copy because
% the input vector was real

1
3
4
5 both = s200 + =300;

6 dft = real( fft( both ) );
7T dft = dft(1:350);

& plot( dft )

Fourier vector post-transform



Fourier Analysis

A Fourier Analysis represerasiy functionas a
set of multiple integer oscillations of
trigonometric functions

The sequence of N complex numbers xo, . .., zy_1 is/transformed into the sequence of N complex
numbers Xg, ..., Xxy—1 by the DFT according to

N—1
Xp=Y @em ®F kef0,....N-1} (1)
n=>0



Temporal Feature Extraction Strategy

A We could just window the audio at 44100 sample
Intervals and run a DFT on each.

A However this Is too coarse; we want to capture
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A What we want to do is capture lots of small
features (DFTs and others) (say 100 in a second)
and then merge them together using means and
variances back into one feature vector
representing one second.

A Enter the STFT or Short Time Fourier Transform



Short Time Fourier Transform (STFT’

A Because we want a high number of DFT
windows per second, the number of samples
for each might get low. Say 44100/100 == 441
samples per window. With so few samples we
actually want to use overlapping windows and

apply a windowing function to reduce spectral
Gf SF{1F3Séad

Konstantinos Koutroumbas Sergios Theodoridis. Pattern Recognition, Third Edition. Academic
.....



Short Time Fourier Transform (STFT) (2)

‘Window function +aonyg - Freguency response (Hann)
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Hannwindow function

1—cos( 2x==t
w@,s,p):{ (=) te(sﬂsm}

0 elsewhere

Rectangle window function

tan = {1 120

elsewhere

Main STFT function (DFT with windowing added)
N—1
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n=0



Visualising the STl the Spectrogram!
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Spectrogram of a violin playing
A Human Hearing ]
A Critical Bands...

A Timbre and Musical Instruments
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Information Overload!

A Due to theNyquisttheorem, we still haveampleraté2
== 22050 attributes on our feature vectors. This is way
too much.
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experiments. In each bin we simply take the mean
average value.

A So now we have the rich frequency information broken
up into a manageable amount of bins.

A Another thing we do on some models (discussed later)
IS down sample the audio i.e. to 22050Hz before
processing it



Richer Feature Extraction

A The binned STFT in itself would work as a
feature (and we do use it), but we can extract
even more from it

A We can write feature detectors that operate in
the frequency domain.

Most of them operate by first splitting
the binned STFT frames up into log-spaced bands. If the bands parameter 1s set to 4, these
features will have 4 outputs each effectively representing a log-spaced segment of the
STFT frame which has already been binned . The rationale here i1s that there
1s more “interesting” stuff going on in the lower frequencies so we need to examine those closely
while on the upper frequencies the imformation 1s less verbose and can be described with wider
bands.



Freguency Domain Features (1)




Freguency Domain Features (2)

A SpectralCentroid

Let F; = fi(u),u € {0,..., M} be the STFT of the i¢th frame. M is the index of the highest
frequency bin . Let Fyp = fi(up).w € (lp,up) where [, and w are edges of the
band b. For clarity, f;(u) describes a band b on the ith STFT frame.

The Spectral Centroid given as
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SCyp =

characterises the audio spectrum’s shape and brightness -
mdicating 1ts “centre of mass” 1.e. central tendency. It 1s calculated using the weighted mean of
the frequencies present in the spectrum.
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Freguency Domain Features (3)

Bandwidth EntrOpi/b
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Means and Variances

A We take the means and variances to combine the features
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which produced 221 features.
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