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ÅAudio Retrieval

- Basics of Audio Data

- Audio Information in Databases

- Audio Retrieval
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7  Previous Lecture



7  Audio Retrieval

7.1  Low Level Audio Features

7.2  Difference Limen

7.3  Pitch recognition
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7  Audio Retrieval



ÅTypical Low Level Features
ïMean amplitude (loudness) 

ïFrequency distribution,
bandwidth 

ïEnergy distribution 
(brightness) 

ïHarmonics 

ïPitch 

ÅMeasured
ïIn the time domain:

any given time is assigned to an amplitude 

ïIn the frequency domain:
each signal frequency is assigned a strength 
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7.1  Low-level Audio Features



ÅFourier analysis:

ïSimple characterization by 
Fourier transform 

ïFourier coefficients are 
descriptive feature vector 

ÅIssues:

ïTime -domain does not show the 
frequency components of a signal 

ïFrequency -domain does not show 
when frequencies occur

ÅSolution: spectrograms
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7.1  Fourier Analysis



ÅSpectrograms: combined representation

of time and frequency domain

ïRaster image 

ïX-axis as time 

ïY-axis as the frequency components 

ïGray value of a point is the energy of that frequency 

at that time 

ÅAllows for example, analysis of regularity

of occurring frequencies
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7.1  Spectrogram



ÅSpectrogram of the spoken word òdurstó 

Multimedia Databases ςWolf-TiloBalkeςInstitut für InformationssystemeςTU Braunschweig 7

7.1  Spectrogram



ÅSpectrogram examples
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7.1  Spectrogram



ÅUse of different low level features for automatic 

classification of audio files 

ïDifferent audio classes have typical values for various 

properties 

ïThus, various typical

feature vectors
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7.1  Classification



ÅDistinguish speech and music

ÅCharacteristics are in each case 

difficult to predict, but there are

general trends 

ÅDonõt just use a single feature, but evaluate 

combination of all features

ÅDependent and independent features
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7.1  Example



ÅBandwidth

ïFor speech rather low

100ɀ7000 Hz 100-7000 Hz 

ïIn music it tends to be high, 16-20000 Hz 

ÅBrightness

(central point of the bandwidth): 

ïIn language it is low 

(mainly due to the low bandwidth) 

ïFor music, it is high
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7.1  Example



ÅProportion of silence

ïFrequent pauses in speech (between

words and sentences) 

ïLow percentage of silence for music 

(except for solo instruments) 

ÅVariance of the zero crossing rate (over time)

ïIn speech there is a characteristic structure of syllables: 

short and long vowels, therefore fluctuating 

zero crossing rate 

ïMusic often has a consistent rhythm, 

so rather uniform zero pass rate 

Multimedia Databases ςWolf-TiloBalkeςInstitut für InformationssystemeςTU Braunschweig 12

7.1  Example



ÅSimple classification algorithm

(Lu and Hankinson, 1998)
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7.1  Example

Brightness

Portion of silence

Variance of
zero crossing rate

Music

Speech

high

low

low

high

high

low

Solo music

Audio



ÅQuantitative high / low estimates are highly 

dependent on the collection 

ïDetermine reference vector for each class by a set of 

training examples

ÅAssignment of new audio files to classes is based 

on minimum distance of its feature vector to 

one of the reference vectors of the respective 

class
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7.1  Example



ÅSpeech and music
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7.1  Classification



ÅLow-level Features for Audio Retrieval

ïFor good feature vectors, the audio signal must be 

divided into time slots

ïCompute a vector for each window

ÅCalculate low level features in the time window 

ÅBuild statistical characteristics about low level features 

ïPerceptional comparison of audio files
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7.1  Static Coefficients



ÅFour statistical characteristics 

(Wold and others, 1996) 

ïLoudness (perceived volume)

ÅMeasured as the root mean square (RMS) of the amplitude 

values (in dB) 

ÅMore sophisticated methods

take into account differences

in the perceptionallityof

parts of the frequency

spectrum 

(<50 Hz, >20Khz)
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7.1  Static Coefficients



ïBrightness (perceived brightness)

ÅDefined as the center-of-gravity of the Fourier spectrum 

ÅLogarithmic scale 

ÅDescribes the amount of high frequencies in the signal 

ïBandwidth (frequency bandwidth)

ÅDefined as a weighted average of the differences of the 

Fourier coefficients to the center-of-gravity of the spectrum 

ÅAmplitudes are used as weights 
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7.1  Static Coefficients



ïPitch (perceived pitch) 

ÅCalculated from the frequencies

and amplitudes of the peaks

within each interval

(pitch tracking)

ÅPitch tracking is a difficult problem, therefore, often in 

simpler systems approximated by the fundamental 

frequency 
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7.1  Static Coefficients



ÅTime-dependent function 

for each size in each 

time window

ÅE.g., laughter

ïLoudness 

ïBrightness 

ïBandwidth 

ïPitch 
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7.1  Static Coefficients



ÅAggregate statistical description of the four 

functions through:

ïExpected value (average value) 

ïVariance (mean square deviation) 

ïAutocorrelation 

(self-similarity of the signal) 

ÅEither for each window or for the whole signal 

(results in 12-dimensional feature vector, such as 

IBM's QBIC)
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7.1  Static Coefficients



ÅExample: Laughter 

ÅEach sound has typical values 

ÅThus we can classify audio files 
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7.1  Static Coefficients



ÅTraining set of sounds of a class leads to a 

perceptional model for each class 

ïCompute the vector of the mean

ïCalculate the covariance matrix 
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7.1  Static Classification



ÅFor every new audio file, compute the 

Mahalanobis distance to each class: 

ÅOrder the data of a class (either on the threshold 

or on the minimum distance)

ÅDetermine the probability of correct classification 

as: 
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7.1  Static Classification



ÅClassification for laughter

(Wold and others, 1996)
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7.1  Application in Classification



ÅStatistical properties for retrieval and 

classification work well with short audio data

ïParameters statistically represent human perception 

ïEasy to use, easy to index, query by example 

ïThe only expansion in commercial databases 

ÅDB2 AIV Extenders (development discontinued) 

ÅOracle Multimedia 
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7.1  Evaluation



ÅOk for differentiating between speech and music 

or laughter and music

ïBut purely statistical values are rather unsuitable in 

order to classify and differentiate between musical 

pieces

ïDetection of notes from the audio signal (pitch 

determination) does not work very well 

ïHow does one define the term òmelodyó? 

(especially for queries, query by humming) 
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7.1  Evaluation



ÅRecognition of notes from signal

ïVariety of instruments 

ïOverlap of different instruments (and possibly voice) 

ÅSimple, if we have data in MIDI format and the 

audio signal was synthesized from it
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7.1  Problem



ÅDefinition of òmelodyó

ïMelody = sequence of musical notes 

ïBut querying for a melody has to be: 

ÅInvariant under pitch shift (soprano and bass)

ÅInvariant under time shift

ÅInvariant under slight variations

ÅOften, not the sequence of notes themselves, but 

a sequence of their differences
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7.1  Problem


