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Audio indexing : interests

� The enormous amount of unstructured multimedia data available 
nowadays 

� The continuously growing amount of this digital multimedia 
information increases the difficulty of its access and management, 
thus hampering its practical usefulness. 

� New challenges for the Information society:
� Make the digital information more readily available to the user is 

becoming ever more critical.

Audio signal indexing – G. Richard – July 2007 Page 3

� Need for content-based  parsing, indexing, processing and retrieval 
techniques

� Numerous new applications
� Content-based search, audio segmentation, DJing, owner rights 

protection, enhanced « karaoké »….



Search by content  …..?
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Applications: for content providers

� Ease composition

� Search/Retrieval of sound samples or drum loops in large 
databases of sounds (drum loops retrieval)

� Content-aware Musical edition software  
� Automatic musical analysis for expressive music synthesis  
� Musical ”Oracle” : predict which kind of public will like a given 

piece.  
� Hit predictor…
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� Search/Retrieval of video scenes from Audio (use of 
multimodal correlations)  



Applications: for broadcasters

� Ease radio program set up
� Navigation interfaces in large data collections
� Automatic play lists (podcast,…)� Automatic play lists (podcast,…)
� Mixing/Remixing/DJing : Tempo, rhythm, texture 

synchronization (Tempo)

� Identify what is broadcasted  
� Plagiarism detection.
� Broadcast monitoring.
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Applications: for consumers

� Increase listening capabilities
� Automatic analysis of user taste for music 

recommendation.recommendation.
� Automatic play list by emotion, genre.
� Structured navigation in music: « skip the intro, 

« replay the chorus »,….)  
� Personalized listening (Remixing )

� Allow new usages
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� Allow new usages
� Search by content (Query by humming)  
� Smart Karaoke
� Active listening.



Audio indexing…

� … a multi disciplinary domain.  

Perception

Semantics 

Acoustics

Perception

Audio
Indexing

Computer Science

Music
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Speech processing
Signal processing

Statistics



……A little bit of signal processing  

� Let x(t) be a continuous signal (e.g. captured by 
a microphone):

� Let x(nT) be the discrete signal sampled at time 
t=nT

����

�
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Time-Frequency representation

� Fourier Transform

� �
|� � |
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Windowing

� Split the signal in uniform segments (« windowing »)
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Spectral analysis of an audio signal (1)
(drawing from J. Laroche)
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Spectral analysis of an audio signal (2)
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Spectrogram
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Digital Filtering

H
x(n) y(n)

� h(n) is the impulse response 
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� H(f), Y(f), X(f) are the Fourier transforms of h(n), 
y(n) and x(n)

� We have:



A widely used model: the source filter model
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Classification systems

� Several problems, a similar approach

� Automatic musical genre recognition
� Automatic music instruments recognition.
� Sound samples classification.
� Sound track labeling (speech, music, special effects etc…).
� Automatically generated Play list  
� Hit predictor...
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A typical architecture for an Audio indexing system
(from http://www.emt.iis.fhg.de/produkte/audioid/)
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Architecture (2)

� Preprocessing for...
� Data reduction.
� Spectrum whitening (preaccentuation) � Spectrum whitening (preaccentuation) 
� Signal segmentation (« windowing »)  

� Feature extraction
� « Summarize » the perceptual properties of the signal in a 

vector of real parameters 

� Classification
� Supervised : Assign a class to each signal segment, the 
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� Supervised : Assign a class to each signal segment, the 
characteristics of the class being previously « learned »  

� Unsupervised (clustering) : Identify groups of signal 
segments that are « similar »  



Preprocessing (1)

� Data reduction

Channel reduction (e.g. stereo to mono)  � Channel reduction (e.g. stereo to mono)  
� Downsampling (e.g. 44.1 kHz to 16 kHz)  
� Filter bancs
� Denoising
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Preprocessing (2)

� Spectrum whitening (preaccentuation filter).

� Origin: speech processing
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- allows a better estimation of the linear 
Prediction coefficients



Signal analysis / features extraction

� A need for a compact representation of the audio space using 
descriptors:  descriptors:  

� Temporal parameters : (Zero crossing rate, envelope, 
amplitude modulation (4 Hz, or 10-40 Hz), crest factor, signal 
impulsivity, tempo,…

� Spectral parameters: (MFCC, LPCC, Warped LPCC, spectral 
centroïd, spectral slope, high order spectral moments, filter 
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centroïd, spectral slope, high order spectral moments, filter 
banks, harmonic to noise ratio,…)



Feature extraction: some examples

� Temporal parameters
� Zero Crossing Rate (ZCR)
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Feature extraction: some examples

� High zero Crossing rate ratio (‘ HZCRR ’): « ratio of frames with 
ZCR higher than 1.5 times the mean of ZCR in a window of 1 s »
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Feature extraction: some examples

� Temporal evolution (or envelope):
� Temporal evolution of onsets characterize the 

type of sound (bow sounds vs pizzicati, etc….)type of sound (bow sounds vs pizzicati, etc….)

� Possible parameters : onset duration or onset 
impulsiveness (higher order statistical moments)  
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Feature extraction: some examples

� Numerous features exist:
Amplitude Modulation (4 Hz, or 10-40 Hz)� Amplitude Modulation (4 Hz, or 10-40 Hz)

� Crest factor
� Signal impulsivity (4th order statistical moment)
� Pitch (or Fundamental frequency)
� …..
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Spectral Features : some examples

� Is based on a spectral analysis of the signal and 
usually follows one of the approaches below:  

� Filter bank (typically 10 to 30 frequency bands)
� FFT (a specific case of Filter bank)
� Cepstral approach
� Linear prediction (LPC)
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Feature extraction

� Use of a filter bank (FFT or others)

�
Bands 8-16

Musical signal in different bands (Fs=16kHz)

Band 7

Band 6

Band 5

Band 4
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Feature extraction

� « Harmonic » + noise decomposition 
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Feature extraction

� « Harmonic » + noise decomposition
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« Harmonic » + noise separation 

� Traditional approaches by Short Term Fourier Transform

� Windowing� Windowing
� STFT computation
� Localization and Detection of maxima (« harmonics »);
� Synthesis of harmonic and noise components by Overlap 

and Add
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Use of different frequency scales

� Use of BARK scale (table from Hartmann97)

� Based on critical bands as they are perceived by humans  
Rather close to a logarithmic scale  � Rather close to a logarithmic scale  
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Spectral features: MEL scale

� Corresponds to an approximation of psychological sensation of sound 
(« Tonie »)(« Tonie »)

� Approximated Analytic expressions exist:
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Spectral features: MEL scale

� Mel filtering (from Rabiner93)
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Energy in each band

Sj SN
S1



Cepstral Representation

� Interest
� Source-filter model

� ��������	
����
���
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Cepstral Representation

� Separation of the filter and source contribution 
by liftering

Real Cepstrum
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MFCC
« Mel-Frequency Cepstral Coefficients »

� Probably, the most common parameters used in current systems 
and extremely popular in speech recognition systems 
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Spectral smoothing using cepstrum

� Spectral envelope smoothing using cepstrum:
� Computation of real cepstrum Cn, then low quefrency liftering 
� Spectral envelope reconstruction with E =FFT(Cn)
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Other audio specific parameters (figures from A. Goye)

� The Spectral Centroïd (CGS)

� High CGS : bright sound
� low CGS : « warm » or « round » sound

� The Spectral flux (« temporal variation of the spectral content »)

Spectral spread
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� Spectral spread

� low RGS : « compact » sound

=k 1



Some other parameters….

� Warped Linear prediction Cepstral coefficients

� Onset Spectral « Asynchrony »

Wavelet coefficient� Wavelet coefficient

� Harmonic / noise separation

� Entropy,

� Entropy variation,

� ….
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� No  real consensus on the most 
appropriate feature set even for a 
specific audio transcription task.   



what are the appropriate features ?

� A possible approach:� A possible approach:

� Use an important number of features 

� Use feature analysis or/and feature selection algorithms to 

reduce the set of features
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Feature analysis

� Principal Component Analysis (PCA)

� Aim: « denoise the data » and « reduce the parameter � Aim: « denoise the data » and « reduce the parameter 
space »

• Step 1: Singular Value Decomposition (SVD)

� � ���� �

• Step 2: Models are trained on « transformed » data:

� � : Covariance matrix

� : Singular Value Decomposition
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• Step 2: Models are trained on « transformed » data:

Y = W X W = � �

X = [x1,x2,…xL]



Feature Selection Algorithm

� Many algorithms exist 

� One simple but efficient algorithm
� IRMFSP based on Fisher determinant (Peeters et al.)

The principle is quite intuitive: « to select features one by 
one that enable good separation between classes with 
respect to the within-class spreads ». 

� Thus, the selected additional feature corresponds to the 
highest ratio :
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where Bi is the between class inertia and Ri the average radius of the 
scatter of all class



Some elementary concepts of Classification 

� Objective of classification:
� To find the class from the features computed on 

the incoming musical signal
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the incoming musical signal

� Necessitates a learning phase



The K-Nearest Neighbors

� K-NN algorithm :� K-NN algorithm :

• Consist in computing features vectors for all training 
examples (all incoming frames)  

• Classification is done in assigning the new incoming 
feature vector to the class that has the higher number of 
representatives amongst the K nearest neighbors of the 
incoming feature vector.  
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The K-Nearest Neighbors

� Choice of a distance
� Ex: an Euclidian distance

� Choice of the number of neighbors K to consider

� Algorithm:  let xk be the vector to be classified, X the set 
of training vectors :

� Look for p1 .. pk, the K nearest neighbors of xk

� The recognized class is given by:
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The K-Nearest Neighbors

� Fast search
� Each class is represented by a centroid 

and distance is only computed from the 
incoming vector to the centroid.  incoming vector to the centroid.  

� Unsupervised learning (K-means)
� The k centroids are randomly initialized 
� Each element is attached to the closest 

centroid  
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centroid  
� Centroids are recomputed and the 

procedure is iterated.  



Gaussian Mixture Modelling

� Mixture model � A one dimension example with  
1, 2 or 3 Gaussians
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Support Vector Machines (SVM)

� The idea of SVMs (from Schölkopf & Smola):

� map the training data into a higher-dimensional feature space via � , 
and construct a separating hyperplane with maximum margin there.and construct a separating hyperplane with maximum margin there.

� This yields a non-linear decision boundary in input space
� Using a kernel function, it is possible to compute the separating 

hyperplane without explicitly carrying out the map into the feature 
space

Input space Feature space
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�



Support Vector Machines (SVM)

Formally, the algorithm searches for the hyperplane             
that separates the training samples         

which are assigned labels                                              which are assigned labels                                              
so that

under the constraint that the distance         between the

hyperplane and the closest sample is maximal.
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hyperplane and the closest sample is maximal.



Support Vector Machines (SVM)

� Popular kernels

� Gaussian radial basis function

� Polynomial kernel
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Support Vector Machines (SVM)

� Example of a SV classifier using a radial basis function 
kernel (from Schölkopf & Smola):

Support vectors

Support vectors
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Support vectors



Classification by pairwise coupling

� how to address a K-class classification problem through multiple 
2-class classifications ?

� Use of Hastie-Tibshirani algo (T. Hastie and R. Tibshirani. Classification by pairwise 
coupling. In Advances in Neural Information Processing Systems, volume 10, 1998)

Is a violin
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Is a violin Is a violin

Is a sax



APPLICATIONS

� Musical instrument recognition
� Rhythm extraction
� Drum track processing
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Musical instrument recognition

� Timbre space: illustration of the appropriateness o f 
some audio parameters

� Performances examples
� Towards instrument recognition on polyphonic music
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Timbre of musical instrument  

� A possible definition: « corresponds to the perception attribute that 
allows to differentiate two sounds of same intensity and height »

� Which parameter can be used to characterise the « timbre space » ?

� Classical conception (Helmholtz): Spectral content of the 
sustained sound.

� However, temporal evolution plays an important role in 
musical instrument identification:  
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musical instrument identification:  
• Importance of note onsets
• Importance of temporal evolution of spectral content
• Key parameters: onset duration, spectral centroid (CGS) and spread 

(RGS), spectral flux, Cepstral coefficients….



Timbre of musical instruments
(from Mc Adams & al.)

� « Timbre space »
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Timbre of musical instruments
(from Mc Adams & al.)

� 3D space (Krumhansl, 
1989, McAdams, 1992 
))

� BSN = bassoon

� CAN = English horn

� CNT = clarinet

� GTR = guitar
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� HRN = French horn

� HRP = harp

� TPT = trumpet

� PNO = piano

� VBS = vibraphone



Automatic musical instrument recognition

� What are the appropriate parameters  ?

� no consensus

� A possible approach:
� Use an important number of parameters  
� Use feature selection and/or analysis techniques  
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A typical GMM system for musical instrument recognition

� Parametrisation: MFCC or a set of features selected  
by FSA algorithmsby FSA algorithms

� Musical instrument classes modelling:  

� Each class is represented by a given number of clusters 
(for example obtained by a K-means algorithm)  
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� Each class is modeled by a Gaussian mixture  
� Each class corresponds to one instrument



Musical instrument recognition: performance 
examples

� Sound database
� 10 instruments, different sources and tracks
� 32 kHz sampling frequency
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GMM classification with feature selection
(Essid & al, 2006a)

� Number of Gaussians selected for each model between 
8,16,32,64,128,256 by a BIC algorithm (Chen & Gopalakrishnan)

� Analysis windows : 32 ms or 960 ms with 50% overlap
� From 160 features , selection of about 19 features per class  � From 160 features , selection of about 19 features per class  
� Decision every 30 frames (�  0.5 s)
� 1-IRMFSP: classic feature selection
� : pairwise feature selection
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Results using SVM
Decision every 30 frames (�  0.5 s)
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Towards instrument classification in polyphonic music 
(Essid et al.2006b)

� Automatically obtain a taxonomy of musical 
ensembles:

� by using a hierarchical clustering algorithm 
exploiting robust probabilistic distances exploiting robust probabilistic distances 
between instrument models

� by specifying a number of clusters (or place 
of the cut in the dendogram)
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Applied on Jazz quartet: Bs=Bass drum; Dr= Drum, Pn=piano, Ts=Tenor sax, Vf=singing female voice,…



Rhythm extraction 
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Rhythm or “Tempo” Extraction

� Rhythm : an intuitive musical concept but not easy to 
define !!  
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� Handel (1989): « The experience of rhythm 
involves movement regularity, grouping and yet 
accentuation and differentiation »



Tempo and beat extraction

� A filterbank approach (Scheirer, 1998)
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Improved tempo extraction (From Alonso et al.)

� Possible improvement :
� By exploiting the fact that 

rhythm is mainly carried out rhythm is mainly carried out 
by onsets

� By using a Harmonic + noise 
decomposition 
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Rhythm extraction: performance example

� Evaluation carried at MIREX’05 (complete results are given at : 
http://www.music-ir.org/evaluation/mirex-results/audio-tempo/index.html )

Rank    Participant  
 Score (std. 
deviation)  

 At Least One 
Tempo Correct  

 Both Tempos 
Correct  

 At Least One 
Phase Correct  

 Both Phases 
Correct  

1 Alonso, David, & Richard 0.689 (0.231) 95.00% 55.71% 25.00% 5.00% 
2 Uhle, C. (1) 0.675 (0.273) 90.71% 59.29% 32.14% 7.14% 

� 13 different algorithms compared on the same database, using the same 
protocol

� Database of 140 wav files manually annotated (cross annotation by over 20 
listeners)
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4 Gouyon & Dixon 0.670 (0.252) 92.14% 56.43% 40.71% 7.86% 
5 Peeters, G. 0.656 (0.223) 95.71% 47.86% 27.86% 4.29% 
8 Eck, D. 0.644 (0.300) 86.43% 53.57% 37.14% 5.71% 
9 Davies & Brossier 0.628 (0.284) 86.43% 48.57% 26.43% 4.29% 

11 Sethares, W. 0.597 (0.252) 90.71% 37.86% 30.71% 0.71% 
12 Brossier, P. 0.583 (0.333) 80.71% 51.43% 28.57% 2.14% 
13 Tzanetakis, G. 0.538 (0.359) 71.43% 50.71% 28.57% 3.57% 



Rhythm

� Rhythm: an interesting information for 
style/genre classification or swing estimation.   
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Histogram of onset positions on a techno style music signal  (Laroche2001)



DRUM PROCESSING

� An example of content-based retrieval : a system fo r drum 
loop retrieval
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An example of Content-based audio retrieval  (from Gillet et al.)

� Drum loop retrieval 

� Interest: 
� Modern music composers use huge drum loop � Modern music composers use huge drum loop 

databases for the audio track:  

� these databases are only indexed by their general style 
and tempo

� Content-based search allow to easily navigate in the 

��������
�� �	����� �
��
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� Content-based search allow to easily navigate in the 
database (i.e. by similarity)



System architecture

� An automatic drum loop transcriber

� A simple HMM based speech 
recognition enginerecognition engine

� A retrieval engine that search for 
the best drum loops based on both 
textual transcription
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Drum loop transcription

� Feature set
� Spectral moments
� Energy in 6 pre-defined frequency bands ([10,70], 

[70,130],[130,300],[300,800],[800,1500],[1500,5000] Hz[70,130],[130,300],[300,800],[800,1500],[1500,5000] Hz
� 13 MFCC
� Contextual features (concatenation of features vectors)

� Classifiers
� SVM with probabilistic output

Tri-gram « language » modeling coupled with SVM
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� Tri-gram « language » modeling coupled with SVM
� Classification by class pairwise coupling



« Language model » type for drum loop

� « context dependent »

Poum

Poum

tsi tsita ta Pom

PoumTsi

TsiTa

TaPom
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Poum PoumTsi

TaTsi

TaPom



Drum loop retrieval

� Onomatopeias

� Transcription results

Audio signal indexing – G. Richard – July 2007 Page 76

� Alignment using an edit 
distance and DTW



The evaluation problem in Music information indexing 
and retrieval

� The domain does not have the historic background of other 
related domains such as Speech recognition for example.  

� There is a lack of common and  public databases and of � There is a lack of common and  public databases and of 
common protocols for the evaluation of the different approaches 
proposed in the literature (see following slides for an example of 
such database for drum processing)

� Difficulty of obtaining signal annotation under the form of 
« metadata » (the use of MIDI signals can only partly resolve the 
problem since MIDI signals are far less complex to process than 
real audio signals)
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real audio signals)

� A big step forward in evaluation: the MIREX experience
� http://www.music-ir.org/mirex2005/index.php/Main_Page 



Conclusion

� Audio indexing is receiving a growing interest:  
� Numerous applications
� Strong and rapid improvement of the technologies� Strong and rapid improvement of the technologies
� But it is still a rather new domain that is only at its infancy 

regarding evaluation (i.e. MIREX)  

� The « dream » to extract a complete semantic information from 
any type of musical signal (rhythm, harmony, melody, genre, 
notes, music score….) remains a dream for now…
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