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[/ Previous Lecture

A Audio Retrieval
- Basics of Audi®ata
- Audio Information in Databases
- Audio Retrieval

6%
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7/ Audio Retrieval

7 Audio Retrieval
7.1 Low Level Audio Features
7.2 DifferenceLimen

7.3 Pitch recognition oo, Alﬁedld

'}l],d
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7.1 Low-level Audio Features

A Typical Low Level Features
I Mean amplitude (loudnes °

I Frequency distribution,
bandwidth

I Energy distribution
(brightness)

I Harmonics
T Pitch
A Measured

I In thetime domain: |
any given time Is assigned to an amplitude

I In thefrequency domain:
each signal frequency Is assigned a strength
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@ /.1 Fourier Analysis

A Fourier analysis:

I Simple characterization by
Fourier transform

I Fourier coefficients are
descriptive feature vector

A Issues:

I Time -domain does not show the
frequency components of a signal

I Frequency -domain does not show
when frequencies occur

A Solution: spectrograms
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/.1 Spectrogram

A Spectrograms: combined representation
of time and frequency domain
I Raster image
| X-axis as time
I Y-axis as the frequency components

I Gray value of a point is the energy of that frequency
at that time

A Allows for exampleanalysis of regularity
of occurring frequencies
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@ /.1 Spectrogram

ASpectrogram of the sp
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7.1 Classification

A Use of different low level features fautomatic
classification of audio files
I Different audio classes have typical values for variol
properties |

I Thus, various typical- - .«
feature vectors
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/.1 Example

A Distinguish speech and music

A Characteristics are in each case
difficult to predict, but there are
general trends .

ADondt just use a sing
combination of all features

A Dependent and independent features
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@ /.1 Example

A Bandwidth

I For speech rather low
100z7000 Hz 1007000 Hz

I In music it tends to be high6-20000 Hz

A Brightness
(central point of the bandwidth)

I In language it is low
(mainly due to the low bandwidth

I For music, it is high
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@ /.1 Example

A Proportion of silence

~ ANTI-
.. SNORING

[ Frequent pauses in speech (between “- SoLumion S
words and sentences) & T

[ Low percentage of silence for music =~ & s MShoR
(except for solo instruments) 85

A Variance of the zero crossing rate (ovér'time)

In speech there Is a characteristic structure of syllables:
short and long vowels, therefore fluctuating
Zero crossing rate

| Music often has a consistent rhythm,
so rather uniform zero pass rate
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@ /.1 Example

A Simple classification algorithm
(Lu and Hankinson, 1998)

high

Aude low low M u S I C
Solomusic
1high low
— | Speech
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/.1 Example

A Quantitativehigh / low estimates are highly
dependent on the collection
I Determine reference vector for each class by a set «
training examples

A Assignment of new audio files to classes is bas
on minimum distance of its feature vector to
one of the reference vectors of the respective
class
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@ 7.1 Static Coefficients

A Low-level Features for Audio Retrieval

I For good feature vectors, the audio signal must be
divided intotime slots

I Compute a vector for each window
A Calculate low level features in the time window
ABuild statistical characteristics about low level features

I Perceptional comparison of audio files
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@ 7.1 Static Coefficients

A Four statistical characteristics
(Wold and others, 1996)

I Loudness (perceived volume)

AMeasured as the root mean square (RMS) of the amplituc
values (in dB)

AMore sophisticated method st
take into account difference{RaE—_G_———
in the perceptionallityof
parts of the frequency
spectrum
(<50 Hz, >20Khz)
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@ 7.1 Static Coefficients

I Brightness (perceived brightness)
ADefined as the centeof-gravity of the Fourier spectrum
A Logarithmic scale
ADescribes the amount of high frequencies in the signal

I Bandwidth (frequency bandwidth)

ADefined as a weighted average of the differences of the
Fourier coefficients to the centewf-gravity of the spectrum

AAmplitudes are used as weights
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@ 7.1 Static Coefficients

I Pitch (perceived pitch)
A Calculated from the frequencies
and amplitudes of the peaks

within each interval
(pitch tracking)

APitch tracking is a difficult problem, therefore often In
simpler systems approximated by the fundamental
frequency
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7.1 Static Coefficients

A Time-dependent function j
for each size in each ;
time window |

A E.g.laughter
I Loudness | % ?
i Brightness
i Bandwidth — ‘* *%' i

o ¥4 ﬂ .......... ......
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7.1 Static Coefficients

A Aggregate statistical description of the four
functions through:
I Expected value (average value)
I Variance (mean sguare deviation)

I Autocorrelation
(seltsimilarity of the signal)

A Either for each window or for the whole signal
(results In 12dimensional feature vector, such as
IBM's QBIC)

Multimedia Databases Wolf-TiloBalkeg Institut fir Informationssysteme TUBraunsc hweig 19



@ 7.1 Static Coefficients

A Example Laughter

l'roper_ty ki L..!:'_S_‘.'L G TR e A i ~C Autocorrelation
loudness . -54.4112 S 22145) 0938929
eyt~ e o AR P XS E28 il o QLSRR
Brightness 578007 - 00817046 0.690073
Bandwidth 0.272099 00169697 0.519198

A Each sound has typical values
A Thus we can classify audio files
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A

/.1 Static Classification

raining set of sounds of a class leads to a
perceptional model for each class

I Compute the vector of the mean
1 .
K= Vi Z alj]

J

I Calculate the covariance matrix

R= 3" (ali) — ) (als] ~ )"

.

J
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/.1 Static Classification

A For every new audio file, compute the
Mahalanobis distance to each class:

D = \/(a — ) "R (a — p)

A Order the data of a class (either on the threshol
or on the minimum distance)

A Determine the probability of correct classificatio

as: _ D?
L =e 2
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7.1 Application in Classification

A Classification for laughter
(Wold and others, 1996)

Feature Mean Variance Importance
Duration 2,71982 0.191312 6.21826
Loudness: Mean —45.0014 18.9212 10.3455
Variance 200.109 1334.99 5.47681
Autocorrelation 0.955071 7.71106e-05 108.762
Brightness: Mean 6.16071 0.0204748 43,0547
Variance 0.0288125 0.000113187 2.70821
Autocorrelation 0.715438 0.0108014 6.88386
Bandwidth: Mean 0.363269 0.000434929 17.4188
Variance 0.00759914 3.57604e-0G5 1.27076
Autocorrelation 0.664325 0.0122108 6.01186
Pitch: Mean 4,48992 0.39131 717758
Variance 0.207667 0.0443153 0.986485
Autocorrelation 0.562178 0.00857394 6.07133

Multimedia Databases Wolf-TiloBalkeg Institut fir Informationssysteme TUBraunschweig



@ 7.1 Evaluation

A Statistical properties for retrieval and
classification work well witilshort audio data
I Parameters statistically represent human perceptior
| Easy to use, easy to index, guery by example

I The only expansion in commercial databases
ADB2 AIV Extenders (development discontinued)
AOracle Multimedia
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7.1 Evaluation

A Ok for differentiating between speech and musi
or laughter and music

I But purely statistical values are rather unsuitable in
order to classify and differentiate betwearusical
pieces

I Detection of notes from the audio signal (pitch
determination) does not work very well

iHow does one define\™he
(especially for queries, query by humming) \°
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7.1 Problem

A Recognition of notes from signal
I Variety of instruments
I Overlap of different instruments (and possibly voice

A Simple, if we have data in MIDI format and the
audio signal was synthesized from it

alprhraville

\ =~
o
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(D) 7.1 Problem

ADefiniti on

Alnvariant under time shift

o f
I Melody = sequence of musical notes

I But querying for a melody has to be:
Alnvariant under pitch shift (soprano and bass)

Alnvariant under slight variations

A Often, not the sequence of notes themselves, bi
a sequence of their differences

omel ody

Agitato # i P ' ' ' ,
0 i ' . "OH' i E E - 3 5 H: = . . 2
a%h%‘; hl.;}ri‘zj;} 1 2
VV |4 14 o ! y v
Cad sl dak Al E e R al s 4 g4
> = x i .
1j — i L r‘x 1 ',' .= A

L — -‘_‘L—Ju _J‘L—J
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@ 7.2 Frequencies and Pitch

A Pitch has something to do with the frequency
I Only useful forperiodic frequencies, not for noise

I Harmonic tones have one main oscillation and seve
harmonics
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@ 7.2 Frequencies and Pitch

A Harmonics

1st thru 5th harmonics of a vibrating string
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7.2 Problem

A Interference make the automatic detection of th
dominant pitch difficult

A Human perception often differs from physical
measurements

I E.g., fundamental frequencypitch

A However we need the pitch to extract the
melody line
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7.2 Difference Limen

A Exactly how do people perceive frequency

differences?
I Difference Limen is the smallest change that is

rel i ably perceived (0] u
I Accuracy varies with different pitch, duration and
volume

I Experimental determination of average values for si
waves {Jesteadand others, 1977)
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7.2 Difference Limen

A Determined through
psychological testing

I Two tones with500 ms duration and small tone
difference are played one after the other

I Subjects determine whether the second tone was
higher or lower

I This results in a psychometric function between the
difference in frequency and accuracy of the
classificatiort50% -100%)

I Above75% perception is considered reliable
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7.2 Difference Limen

A(Jesteadand others 1977) leferendsmenby

Frequency difference limen (%)

200 400 600 1K 2K 4K 8K
Frequency (Hz)
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7.2 Difference Limen

A 0.2% DifferenceLimenmeans that most people

can distinguish 4000 Hztone from al1l002 Hz
tone reliably

One semitone
100 cents

- e e e 3 & 4 S W Sy Em = ==

One DL = 3 cents
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