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Abstract—In this paper Spectral feature like Spectral Roll 

off, Spectral Centroid, RMS (Root Mean Square) energy, Zero 

crossing Rate, Spectral irregularity, Brightness, of speech audio 

signals are extracted and analyzed. From analysis, prominent 

features are selected. These prominent features are used for 

speaker identification. For performing feature analysis, database 

of seven speakers is created. By using features, speakers are 
divided into two groups or clusters.   

Keywords— Spectral Roll off, Spectral Centroid, RMS energy, 

Zero crossing Rate, Spectral irregularity & Brightness. 

I. INTRODUCTION  

In clustering set of objects are grouped in such a way that 
objects in the same group are more similar to each other than 
to thoseT inT otherT groupsT (clusters).T ItT isT aT mainT taskT ofT 

exploratoryT dataT mining,T andT aT commonT techniqueT forT 

statisticalT dataT analysis,T usedT inT manyT fields,T includingT 

machineT learning,T patternT recognition,T imageT analysis,T 

informationT retrieval,T bioinformatics,T dataT compression,T 

andT computerT graphicsT [1][2]. 

WeT canT createT differentT groupsT orT clustersT byT usingT 

variousT featuresT ofT audioT signal.T TheT processT ofT 

obtainingT featuresT ofT audioT signalT isT calledT featureT 

extraction.T VariousT featuresT areT developedT forT theT 

analysisT ofT audioT soundT signalsT inT theT lastT fewT decades.T 

TheseT featuresT areT TemporalT featuresT (alsoT calledT asT timeT 

domainT features),T SpectralT featuresT (alsoT calledT asT 

FrequencyT domainT features)T andT CepstralT features.T  

We can use Spectral features (Timbral features) like 
Spectral Roll off, Spectral Centroid, RMS energy, Zero 
crossing Rate, Spectral irregularity, Brightness for clustering 
of audio signals. TimberT isT nothingT butT theT qualityT ofT 

soundT orT tone.T FeaturesT relatedT toT timbreT areT calledT asT 

spectralT featuresT orT TimbralT features.T ZeroT CrossingT 

Rate:T NoisinessT ofT soundT isT representedT byT ZeroT 

CrossingT Rate.T IfT ZCRT isT moreT meansT moreT noise.T 
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Centroid:T CentroidT representedT theT locationT ofT gravityT 

i.e.T magnitudeT spectrum.T Rolloff:T Roll-offT isT aT measureT 

ofT wayT toT measureT theT amountT ofT highT frequenciesT inT 

theT soundT signal.T BrightnessT isT similarT toT roll-off.T TheT 

cut-offT frequencyT isT fixedT firstT &T brightnessT isT calculatedT 

byT measuringT amountT ofT energyT aboveT cut-offT frequencyT 

valuesT betweenT 0T andT 1.T IrregularityT isT theT measureT ofT 

degreeT ofT variationT ofT theT sequentialT peaksT ofT theT 

spectrum.T RMST EnergyT isT theT measureT ofT theT maximumT 

ofT absoluteT amplitudeT inT eachT frameT ofT aT signal. 

 

II. THEORY 

Spectral features (Timbral features) like Spectral Roll off, 
Spectral Centroid, RMS energy, Zero crossing Rate, Spectral 

irregularity, Brightness of audio signals are extracted. These 

features are used for clustering. 

Audio or speech signals of seven speakers are recorded for 

database creation. Same speech file is recorded fifteen times 

per speaker. Each file contains 69 words. Hence 7245 

samples analyzed.   

A. Block Diagram:  

Following figure shows the block diagram of feature 

extraction. 

 

 

          

           Fig.1 Block diagram of feature extraction 

Recorded the audio signal are used as i/p signals. In pre-

processing stage, input signals are processed. After 

preprocessing,T variousT featuresT areT extracted.T FeaturesT 

likeT SpectralT RollT off,T SpectralT Centroid,T RMST energy,T 

ZeroT crossingT Rate,T SpectralT irregularity,T BrightnessT areT 

comparedT forT clusteringT orT groupingT ofT speakers. 

III. EXPERIMENT RESULTS 

ForT experimentationT databaseT isT createdT forT sevenT 

speakers.T FifteenT samplesT perT speakerT areT recorded.T 

SpectralT RollT off,T SpectralT Centroid,T RMST energy,T ZeroT 

crossingT Rate,T SpectralT irregularityT &T BrightnessT ofT 

speechT audioT signalsT areT extractedT forT eachT sample.T 

MeanT ofT SpectralT RollT off,T SpectralT Centroid,T RMST 

energy,T ZeroT crossingT Rate,T SpectralT irregularityT andT 

BrightnessT isT calculatedT 

forT eachT speaker.T MeanT 

ofT SpectralT RollT off,T 

SpectralT Centroid,T RMST 
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energy,T ZeroT crossingT Rate,T SpectralT irregularityT andT 

BrightnessT canT beT classifiedT intoT twoT groupsT orT clusters.T 

Similarly,T meanT ofT eachT clusterT canT beT calculatedT andT 

meanT ofT twoT clustersT canT beT compared.T MeanT valuesT 

areT givenT inT tableT numberT 1. 

 

TABLE I.  COMPARISON OF MEAN OF FEATURES 

Comparison of Mean of features of All Speakers 

Sr. 

No. 

Spea-

ker 
Roll off 

Spectral 

Irregul-

arity 

Bright-

ness 

RMS 

energy 

Spectral  

Centroid 

1 Sp_1 10797.1 0.45479 0.59039 0.92595 5241 

2 Sp_2 6580.70 0.75370 0.48021 0.96764 3911 

3 Sp_3 10963.8 0.67326 0.70961 0.61785 6533 

4 Sp_4 867.819 1.16041 0.08608 0.03460 886 

5 Sp_5 805.561 1.14205 0.08317 0.03916 673 

6 Sp_6 878.936 0.75016 0.13473 0.04931 673 

7 Sp_7 874.326 0.42069 0.06243 0.03820 633 

 

A. Roll off of speakers is compared from mean values, as 

follows: 

 
 

Graph. 1 Rolloff Comparison of All Speakers 

 

 

B. Spectral Irregularity of speakers is compared from 

mean values, as follows: 

 
 

Graph. 2 Spectral irregularity comparison of all speakers 

 

C. Spectral Irregularity of speakers is compared from 

mean values, as follows: 

 
 

Graph. 3 RMS energy comparison of all speakers 

 

D. Spectral Centroid of speakers is compared from mean 
values, as follows: 

 
 

Graph. 4 Spectral Centroid comparison of all speakers 

 

E. Brightness of speakers is compared from mean values, 

as follows: 

 
 

Graph. 5 Brightness comparison of all speakers 
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TABLE II.  COMPARISON OF MEAN  FEATURES OF TWO 

CLUSTERS 
 

Sr. 

No. 
Cluster  Rolloff 

Spectral 

irregular-

rity 

Brightn-

ess 

RMS 

energy 

Spectral 

Centroid  

1 Cl_1 9447.23 0.627248 0.593404 0.83715 5228.23 

2 Cl_ 2 856.66 0.868328 0.091603 0.04051 716.281 

 

 
 

Graph. 6 Mean of Roll off comparison of two clusters 
 

 
 

Graph. 7  Mean of Spectral irregularity comparison of two 

clusters 

 

 
 

Graph. 8  Mean of Brightness comparison of two clusters 

 

 

 
 

Graph. 9  Mean of RMS energy comparison of two clusters 

 

 
 

Graph. 10  Mean of Spectral Centroid comparison of two 

clusters 

 

IV.  ANALYSIS:  

MeanT valuesT ofT SpectralT RollT off,T SpectralT Centroid,T 

RMST energy,T ZeroT crossingT Rate,T SpectralT irregularityT 

andT BrightnessT areT comparedT inT TableT numberT 1T andT 

graphsT areT plotted.T SpectralT RollT offT meanT valuesT ofT allT 

speakersT isT comparedT inT graphT numberT 1.T SpectralT 

irregularityT isT comparedT forT meanT valuesT ofT allT speakersT 

inT graphT numberT 2.T RMST energyT isT comparedT forT meanT 

valuesT ofT allT speakersT inT graphT numberT 3.T SpectralT 

CentroidT isT comparedT forT meanT valuesT ofT allT speakersT 

inT graphT numberT 4. 

TableT 2T givesT meanT featuresT comparisonT ofT twoT 

clusters.T FromT tableT 2,T ifT meanT ofT rollT offT isT calculatedT 

forT eachT cluster,T weT canT easilyT differentiateT oneT clusterT 

fromT otherT cluster.T Similarly,T meanT ofT SpectralT 

Centroid,T RMST energy,T ZeroT crossingT Rate,T SpectralT 

irregularityT andT BrightnessT ofT twoT clustersT canT beT 

compared.T ByT usingT meanT ofT SpectralT RollT off,T SpectralT 

Centroid,T RMST energy,T ZeroT crossingT Rate,T SpectralT 

irregularityT andT Brightness,T twoT clustersT areT 

differentiated. 

V. CONCLUSION 

FromT aboveT analysisT itT isT concludedT thatT TimbralT 

featuresT likeT SpectralT RollT 

off,T SpectralT Centroid,T 

RMST energy,T ZeroT 

crossingT Rate,T SpectralT 
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irregularity,T BrightnessT canT beT usedT forT dividingT 

speakersT intoT twoT clusters.T  

 

VI. FUTURE SCOPE  

TimbralT featuresT likeT SpectralT RollT off,T SpectralT 

Centroid,T RMST energy,T ZeroT crossingT Rate,T SpectralT 

irregularity,T BrightnessT canT beT usedT forT dividingT 

speakersT intoT manyT clusters.T  
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