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ABSTRACT 

This paper describes the development of an audio fingerprint called AudioDNA designed to be robust against 
several distortions including those related to radio broadcasting. A complete system, covering also a fast and 
efficient method for comparing observed fingerprints against a huge database with reference fingerprints is 
described. The promising results achieved with the first prototype system observing music titles as well as 
commercials are presented. 
 
 

INTRODUCTION 
A monitoring system able to automatically generate play lists of 
registered songs can be a valuable tool for copyright enforcement 
organizations and for companies reporting statistics on the music 
broadcast. Technology able to listen to audio in order to identify 
songs without using external metadata or embedded watermarking 
is commonly known as Audio Fingerprinting. In a general Audio 
Fingerprinting scheme, the system generates a unique fingerprint of 
audio material based on an analysis of the acoustic properties of the 
audio itself. The fingerprint is compared against a database of 
fingerprints to identify a song. 
 
The difficulty inherent in the task of identifying broadcast audio 
material is mainly due to the difference of quality of the original 
titles, usually stored on Audio CD and the quality of the broadcast 
ones. The song is transmitted partially, the presenter talks on top of 

different fragments, the piece is maybe played faster and several 
manipulation effects are applied to increase the listener’s psycho-
acoustic impact (compressors, enhancers, equalization, bass-
booster, etc). Moreover, in broadcast audio streams there are no 
markers indicating the begin and the end of the songs. 
 
Such a system also has to be fast because it must do comparisons 
with several thousand songs. This affects the memory and 
computation requisites since the system should observe several 
radio stations, give results on-line and should not be very expensive 
in terms of hardware. 
 
The paper describes an approach to the problem. After introducing 
the concept of audio fingerprinting, it proposes a modeling of audio 
aimed at being robust to different distortions in an adverse 
environment: radio broadcast. Along with an explanation of the 

 



CANO ET AL.  ROBUST MODELING FOR SONG DETECTION 

 

AES 112TH CONVENTION, MUNICH, GERMANY, 2002 MAY 10–13 2 

fingerprint matching algorithms, we present some preliminary 
results and conclusions.  
 
 
AUDIO FINGERPRINTING 
Fingerprinting, or content-based identification (CBID), 
technologies work by extracting acoustic relevant characteristics of 
a piece of audio content and storing them in a database. When 
presented with an unidentified piece of audio content, 
characteristics of that piece are calculated and matched against 
those stored in the database. Using complex matching algorithms 
and acoustic fingerprints different versions of a single recording 
can be identified as the same music title [1], [2].  
 
This is different to an alternative existing solution to monitor audio 
content: Audio Watermarking. In Audio Watermarking [3], 
research on psychoacoustics is conducted so that an arbitrary 
message, the watermark, can be embedded in a recording without 
altering the perception of the sound. In Audio Fingerprinting, the 
message is automatically derived from the perceptually most 
relevant components of sound. This makes it less vulnerable in 
theory to attacks and distortions since trying to modifying this 
message, the fingerprint, means alteration of the quality of the 
sound [4]. 
 
Independently of the specific approach to extract the content-based 
compact signature, a common architecture can be devised to 
describe the functionality of fingerprinting [1]. 
 
 

METADATA:
- Track Id
- Artist

MATCHING

If Matched:
-Track Id
-Confidence

Populating the Database

Content Identification

FINGERPRINT
EXTRACTION

DB

FINGERPRINT
EXTRACTION

Fig. 1: Audio Fingerprint Framework 
 
The overall functionality mimics the way humans perform the task. 
Off-line a memory of the works to be recognized is created; in the 
identification mode, unlabelled audio is presented to the system to 
look for a match. From the Figure 1 it is possible to distinguish two 
operating modes: 
 
Building the database: The collection of works to be recognized is 
presented to the system. The system processes the audio signals 
extracting unique representations based on their acoustic 
characteristics. This compact and unique representation is stored in 
a database and can be linked with a tag or other metadata relevant 
to each recording. 
 
Actual Audio Identification: The unlabelled audio is processed in 
order to extract the fingerprint. The fingerprint is then compared to 

the fingerprints of the database. If a match is found, the tag 
associated with the work is obtained from the database. A 
confidence of the match can also be provided. 
 
Actual implementations of audio fingerprinting more or less follow 
the presented scheme with differences on the acoustic features 
observed and the modeling of audio and of a whole recording, as 
well as the matching algorithms. The simplest approach would be 
direct file comparison. It consists on extracting a hash out of the 
bits of the binary file with MD5 (Message Digest 5) or CRC 
(Cyclic Redundancy Checking) methods to have a compact 
representation to store in the database. Of course this is not robust 
to compression or minimal distortions of any kind and in fact 
maybe cannot even be considered as content-based identification of 
audio since these methods do not consider the content, understood 
as information, of the file, just the bits. This simple approach would 
also not apply when monitoring streaming audio or analog audio. 
 
An amount of features can be found in literature for the 
characterization of audio: energy, loudness, spectral centroid, zero 
crossing rate, pitch, harmonicity, spectral flatness [5],[6], Me-
Frequency Cepstral Coefficients (MFCC’s) [7]... It is common to 
several methods to perform a filter bank analysis, do some 
transformation of the feature vector and in order to reduce the size 
of representation extract some statistics: means or variances, over 
the whole recording [8], or extract a codebook for each song by 
means of unsupervised clustering [9]. Other methods apply higher-
level algorithms that aim at modeling music specific notions of 
beat, harmonics, ... [10;11].  
 
In general, there is a trade-off between robustness and 
computational costs. Some methods are designed to be very 
scalable but less flexible with respect to the distortions on the 
audio, or the need for the whole song for a correct identification. 
The proposed system falls into the category of robust fingerprinting 
technologies. It is designed to be identifying audio titles even if a 
fragment that has undergone distortions is used as query. The 
distortions robust systems aim to answer are enumerated for 
instance in [12],[13],[6] and [14]. What we present in the next 
section is a description of the manipulations radio stations perform 
[15]. 
 
BROADCAST RADIO PROCESSING 
Radio stations use complex sound processing to get more loudness 
and a more impressive sound. The major intention of these stations 
is to attract listeners by sending at higher average energy than other 
stations in a certain area. How this is achieved in detail is different 
at each radio station. Most radio stations use bass compressions and 
enhancements, equalizing, frequency selective compressions and 
exciting, full-range compressions and exciting. 
 
Typically radio stations can get out 10dB more over-all average 
level and more with these sound effects. Moreover, they enlarge the 
stereo base which enhances the impression of stereo listening, even 
if the two loudspeakers are separated by a small distance only. 
Some stations use “pitching“, i.e. they play the songs faster. In 
order to save memory, digital audio data are coded using 
compression algorithms.  
 
In Europe, the most commonly used sound processors are the 
“Optimod“ and the “Omnia“ system. Unfortunately, all radio 
stations consider their way of using these devices (sequence of 
effects, parameter settings) as their intellectual property, and there 
is no way of getting any details. A number of effect devices are 
used in order to prepare a signal for broadcasting. 
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Compressor / Limiter 
These effects are used in order to ensure the headroom of digital 
systems while avoiding clippings. If one reduces the dynamic range 
of a signal and defines a lower maximum level it is possible to push 
the whole range to a higher average level. This attracts attention to 
particular radio stations while “zapping“ through the offer. 
 
Every recording has its specific dynamic range – even in one 
stylistic area you have different song characters and different ways 
of producing the mix. In order to unify the average levels of 
different pieces dynamic compressors are used, mostly in 
combination with limiters in order to achieve a fixed maximum 
level. 
 
Stereo Base-width 
All stations enlarge the stereo base-width. This is done to achieve 
the feeling of sitting in a living room even while listening music in 
a car. The effect devices delay each channel and mix the result 
crosswise with the opposite channel. This causes changes of the 
signals-to-phase relations of both stereo channels. In extreme cases 
the mono compatibility decreases. That means that parts of the full 
frequency range disappear in a mono mix. Sometimes whole 
instruments vanish. 
 
Exciter / Enhancer 
Exciters, also named enhancers, add psycho acoustic effects on 
audio material by changing the hull curve without changing levels. 
The principle of work is to add generated harmonics to the original. 
The signal is cut off at a frequency threshold between 2 and 6 kHz. 
The remaining spectrum above is the base for the harmonic 
generator. This produces an addition of distortion. How sharp or 
mellow this is perceived depends on the mix between even and odd 
numbered harmonics. After that the effect is mixed with the 
original. Modern exciters do not add the distortions over the whole 
hull curve. They just select strong signal transients. The effects are 
a more brilliant sound without adding more high frequency level, a 
better speech understanding, direct attacks of percussive sounds 
and a wider angle for tweeters without adding undesired sharpness. 
 
Pitching 
“Pitching” means that the songs in a radio broadcast are played 
faster. Sometimes stations use pitching up to 2,5% to achieve two 
goals: playing more songs per hour and getting more 
‘kick/attraction’ for listeners. 
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Fig. 2: Pitching Effect in Energy per Semitone 

In Figure 2 the results of applying pitching are shown. The song 
corresponds to Believe by Cher and it has been broadcast 1.7% 
faster than the original CD from a German radio station. The figure 
displays the energy content per each semitone, the x-axis 

corresponds to time and the y-axis corresponds to semitones. A 
leaking of energy into the upper semitones is appreciated in the 
broadcast version. Although this effect is less used nowadays, the 
distortion can affect the performance of some fingerprinting 
systems depending on the features and modeling used[12]. 
 
Sound Processors 
Professional radio stations use complex sound processors which 
comprise all of the effects devices discussed above (e.g. Omnia or 
Optimod). Sometimes, the results are better if the signal is 
compressed a little bit (2:1) before going through the sound 
processor, so other compressors are used before sending the signal 
into the sound processor. Also the stereo base-width is often 
enlarged by other systems. 
 
The Figure 3 visualizes a sample setup of sound processing effects. 
However, high-end sound processors allow for changing both the 
parameters of each of the effects devices as well as their sequence.  
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Fig. 3: Sample setup 

Above, we see a selective bass compression with optimized 
parameters, followed by a parametric equalizer for the low mid 
spectrum (often called “presence“). The next block includes a 
crossover frequency splitting (5 bands) for selective compressions. 
Sometimes, in the upper bands, one can find additional exciters. 
After summing up the different edited frequency bands we have a 
full range exciter. After a final compressor/limiter the signal goes 
out to the FM-modulation.  
 
SYSTEM OVERVIEW 
In this scenario, a particular abstraction of audio [16] to be used as 
robust fingerprint is presented: audio as sequence of acoustic 
events. Such a sequence identifies a music title. In analogy to the 
biological terminology the acoustic events are named AudioGenes 
[17]. A piece of music is composed of a sequence of audio genes 
which is called the AudioDNA. As an analogy we can take the 
speech case, where speech events are described in terms of 
phonemes. However, in music modeling it is not so 
straightforward. For example the use of musical notes would have 
disadvantages: Often notes are played simultaneously and music 
samples contain additional voices or other sounds. The approach is 
to learn the relevant acoustic events, AudioGenes, through 
unsupervised training that is, without any previous knowledge of 
music events. The training is performed through a modified Baum-
Welch algorithm on a corpus of representative music[18]. 
 
Shortly the whole system works as follows, off-line and out of a 
collection of music representative of the type of songs to be 
identified, an alphabet of sounds that best describes the music is 
derived. These audio units are modeled with Hidden Markov 
Models (HMM) [19]. The unlabelled audio and the set of songs are 
decomposed in these audio units ending up with a sequence of 
symbols for the unlabelled audio and a database of sequences 
representing the original songs. By approximate string matching 
the song sequences that best resembles the sequence of the 
unlabelled audio is obtained. 
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FINGERPRINT EXTRACTION: AUDIODNA 
The audio data is pre-processed by a front-end in a frame-by-frame 
analysis. In the first block a set of relevant feature(s) vectors are 
extracted from the sound. Within the front end, a normalization of 
feature vectors as well as some other processing is done before the 
decoding block. In the decoding block, the feature vectors are run 
against the statistical models of the AudioGenes using the Viterbi 
algorithm. As a result, the most likely AudioDNA sequence is 
produced. 

MATCHING

Playlist

Title 1
Title 2

...
Title N

FRONT-END

FINGERPRINT
EXTRACTION

AudioDNA
DB

...ABADKADB...ACOUSTIC
MODELING

AudioGens
Models

...ABADKADB...

 

Fig. 4: Content Identification 

 
Front-end 
The first stage in a classification system is the obtainment of a set 
of values that represent the main characteristics of the audio 
samples. A key assumption made at this step is that the signal can 
be regarded as stationary over an interval of a few milliseconds. 
Thus, the prime function of the front-end parameterization stage is 
to divide the input sound into blocks and from each block derive 
some features, like a smoothed spectral estimate.  
 
The spacing between blocks is around 10 ms and blocks are 
overlapped to give a longer analysis window, typically 25 ms. As 
with all processing of this type, a tapered window function (e.g. 
Hamming) is applied to each block so as to minimize the signal 
discontinuities at the beginning and end of each frame. 
 
It is well known that the human ear performs some kind of signal 
processing before the audio signal enters the brain. Since this 
processing has proven to be robust in front of several kinds of 
noises and distortions in the area of speech recognition, it seems 
reasonable to use a similar signal front-end processing for music in 
the system. The required spectral estimates are computed via 
Fourier analysis and there are a number of additional 
transformations that can be applied in order to generate the final 
acoustic vectors. To illustrate one typical arrangement, the figure 
below shows the front-end to generate Mel-Frequency Cepstral 
Coefficients (MFCCs).  
 
To compute MFCC coefficients, the Fourier spectrum is smoothed 
by integrating the spectral coefficients within triangular frequency 
bins arranged on a non-linear scale called the Mel-scale. The Mel-
scale is designed to approximate the frequency resolution of the 
human ear being linear up to 1000 Hz and logarithmic thereafter. In 
order to make the statistics of the estimated song power spectrum 
approximately Gaussian, logarithmic (compression) conversion is 
applied to the filter-bank output.  
 
The final processing stage is to apply the Discrete Cosine 
Transform to the log filter-bank coefficients. This has the effect of 

compressing the spectral information into the lower order 
coefficients and it also de-correlates them [20]. 
 
The acoustic modeling based on HMM assumes that each acoustic 
vector is independent with its neighbors. This is a rather poor 
assumption since physical constraints of the musical instruments 
ensure that there is continuity between successive spectral 
estimates. However, appending the first and second order 
differentials to the basic static coefficients will greatly reduce the 
problem. Obviously, there are more acoustic features that can be 
extracted to feed the models. 

 
Fig. 5: Front-end feature extraction 

 
Acoustic-model: HMMs 
The purpose of the acoustic models is to provide a method of 
calculating the likelihood of any sequence of AudioDNA given a 
vector sequence Y. Each individual AudioGenes is represented by a 
Hidden Markov model (HMM)  [19]. An HMM is most easily 
understood as a generator of vector sequences. It is a finite state 
machine which changes state once every time unit and each time t 
that a state j is entered, an n acoustic vector yt is generated with 
probability density bj(yt). Furthermore, the transition from state i to 
state j is also probabilistic and governed by the discrete probability 
aij.  
 
The joint probability of a vector sequence Y and state sequence X 
given some model M is calculated simply as the product of the 
transition probabilities and the output probabilities. The joint 
probability of an acoustic vector sequence Y and some state 
sequence X = x(1), x(2), x(3),…,x(T) is: 

∏
=

+=
T

t
txtxttxxx aybaMXYP

1
)1()()()1()0( )(),(  

In practice only the observation sequence Y is known and the 
underlying state sequence X is hidden. This is why it is called 
Hidden Markov Model. 
  
For the decoding of AudioGenes sequences, the trained models are 
run against the feature vectors using the Viterbi algorithm [21]. As 
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a result, the most probable path through the models is found, 
providing a sequence of AudioGenes and the points in time for 
every transition from one model to the following. 
 
The Viterbi algorithm is an efficient algorithm to find the state 
sequence that most likely produced the observations. Let φj(t) 
represent the maximum likelihood of observing acoustic vectors y1 
to yt and being in state j at time t. This partial likelihood can be 
computed using the following recursion 
 

{ } )()1(max)( tjijj
i

j ybatt ⋅−= φφ  

where      

1)1(1 =φ  

)()1( 11 yba jjj =φ  

for 1<j<N. The maximum likelihood P’(Y|M) is then given by 

{ }iNj
i

N aTT )(max)( φφ =  

By keeping track of the state j giving the maximum value in the 
above recursion formula, it is possible, at the end of the input 
sequence, to retrieve the states visited by the best path, thus 
obtaining the most probable AudioDNA sequence for the given 
input frames. 
 
As it has been shown, the algorithm performs the backtracking at 
the end of the audio data. When dealing with streaming audio data, 
like when observing a radio broadcast, it is necessary to provide the 
AudioDNA sequence in real time (plus a little latency time). 
Fortunately, it is possible to modify the algorithm to work on-line 
[22]. To do so, the backtracking is adapted to determine the best 
path at each frame iteration instead of waiting until the end of the 
utterance. Doing so it is possible to detect that the sequence of 
AudioGenes up to a point has converged, that is to say, it has 
become stationary and included in the best path from a certain time 
on, they can be extracted. The time of convergence is variable and 
depends on the probabilistic modeling of the sound with the current 
HMMs. 
 
The AudioDNA representation results then in a sequence of letters, 
the Gens, and temporal information, start time and duration (see 
Fig. 6). The actual number of different Gens as well as the output 
rate can be adjusted. The setup used in the Experimental Results 
section corresponds to AudioDNA of 32 diferent Gens and an 
average output rate of 800 Gens per minute. 
 
APPROXIMATE MATCHING 
After the extraction of the fingerprint, the next important part of the 
proposed system is the matching component, i.e. the module which 
compares fingerprints from observed audio signals against 
reference fingerprints in a database. As the main requirement on 
the proposed fingerprint system is robustness against several kinds 
of signal distortions, the actual fingerprint from an observed signal 
will not be fully identical to the reference database. And as the 
system is designed to monitor audio streams with unknown 
begin/end time of particular titles, the matching component has to 
take care about this fact as well. 
 
Every database management system (DBMS) has to be able to 
perform exact matching, i.e. retrieve data records according to a 
given query, usually specified as SQL statement. In addition to 
these exact matching possibilities there are usually some 
enhancements to support typical text applications, i.e. string search 

techniques which sometimes contain approximate matching 
capabilities, like phonetic search. However, these methods cannot 
be applied to our requirements, as those algorithms are optimized 
to support certain languages and are based on special dictionaries. 
 
Beside the problem of approximate matching, there is also another 
important design goal: the algorithm has to be very fast and 
efficient, i.e. identifying one title against a database with some 
100.000 fingerprints considerably faster than real-time. This allows 
the observation of several audio streams in parallel. 
 

        H G E  C E  B  H B  bserved: 

Time 

original: 

Audio    
version 

pitching (d) shifted gene 
border (a) 

different 
gene (b) 

additonal 
gene (c) 

 

Fig. 6: AudioDNA – matching requirements 

Special Properties 
AudioGenes have additional time information, which is a 
significant difference to standard string applications, but this 
information can be exploited in the matching algorithm. Figure 6 
shows the most important cases beside the identical match, which 
may occur when comparing observed with original AudioDNA 
fingerprints: 

(a) identical genes are detected, but their time borders are 
different 

(b) parts having different genes 
(c) additional genes are present in the same time interval 
(d) the average length of genes is different (typical case 

with pitching effects) 
String algorithms which are necessary to approach the above issues 
are a traditional area of study in computer science. In recent years 
their importance has grown dramatically with the huge increase of 
electronically stored text and of molecular sequence data produced 
by various genome projects. In our applied matching algorithm 
there are two main processing steps, which use the same principal 
method as FASTA [23],[24], one of the most effective practical 
database search methods for biological gene sequences: 

1. reduce the search space by exact matching of short 
subsequences 

2. apply approximate matching algorithms starting at the 
positions of the previously found positions 

 
Matching Process 
Short subsequences of AudioDNA from an observed audio stream 
are continuously extracted and compared with the fingerprints in 
the database. If an identical subsequence is found, the matching 
result will be stored in a balanced tree data structure for further 
processing steps. One node of this tree contains a list of exact 
matching results of one title. Only results appearing in the right 
chronological order will be appended to a node. In addition the 
time length information is used to discard non-promising nodes. If 
a node contains a certain amount of exact matching results, an 
approximate matching method is applied to detect similarities of 
longer sequences starting at the position of the exact matches. The 
calculation of the similarity of sequences is a standard application 
of dynamic programming. Again the embedded time information of 
audio genes is used to apply a very fast and simple approximate 
matching method. 
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The exact matching process yields a time base for aligning the two 
AudioDNA to be compared. This alignment allows determining the 
time intervals equalt∆  where equal audio genes occur. The 

similarity S  of the AudioDNA sequences in a specific time period 

obst∆  is given by the equation: 

( )
( )

obs

equal

n

i
obs t

it

tS
∆

∆
=∆

∑
=1  

where )1(equalt∆  is the first and )(ntequal∆  is the last equalt∆  in the 

time period obst∆ . S  can be computed in )(NO  time where N  is 

the length of the compared sequence. 
 
The actual result (matching music title or ‘unknown’) of the 
approximate matching process is finally derived from an empiric 
model using these similarity values. 
 
EXPERIMENTAL RESULTS 
The database of reference fingerprints used to perform experiments 
contains roughly 50.000 music titles. For the following described 
robustness tests it will be expected that an audio title can be 
observed at least for six seconds. Principally the minimal length of 
a song which can be detected depends on the quality and 
significance of the observed audio signal. If the system fails to 
detect a title (result ‘unknown’) which is included in the database, 
the test result is called a "false negative". On the other hand, the 
detection of wrong titles is called "false positive", which is more 
annoying when used for commercial purposes. 
 
Radio Broadcast 
The audio signal captured from radio broadcast is influenced by 
different transmission and manipulation effects (see Robustness 
Requirements). In a preliminary experiment 12 hours of 
continuously broadcasted material of different stations were 
captured to test the recognition performance of the system The 
evaluation of this test material yielded very promising results. All 
titles included in the reference database  (104 titles) were detected. 
Especially important, there were no false positive results. At this 
point, intensive testing with many more hours of radio is 
compulsory.  
 
Coding Formats  & Compression  
The system was also tested against different audio coding formats 
and compression rates. 200 titles have been chosen and stored in 
several formats.  
 

Compression format 
False 

negatives 
False 

positives 

128 kbps 0 0 
96 kbps 0 0 
72 kbps 0 0 
48 kbps 1 0 
32 kbps 15 0 

MP3 

24 kbps 32 0 
128 kbps 0 0 

96 kbps 0 0 
72 kbps 0 0 
48 kbps 2 0 

RealAudio 

32 kbps 20 0 

Table 1: Detection results for different audio coding 
formats and compression rates 

No false positives were detected and it can be said that down to 48 
kbps the system is able to recognize the music title correctly. 
Having higher compression rates, the recognition-rate drops 
significantly.  
 
Commercials 
The detection of commercials is another challenging problem. They 
are very short and contain both music and speech. The AudioDNA 
of 134 commercials has been stored in the database, some of them 
appear twice with only slight changes in a short section of one or 
two seconds inside the spot. Again public radio stations have been 
observed for testing. All recorded spots have been detected and no 
false detections occurred. The similar spots have been detected 
twice when one of them appeared. 
 
Performance Tests 
Table 2 shows some performance figures of the main processing 
tasks with the system. All measurements have been performed on a 
standard Pentium III @ 933 MHz PC having two GB of main 
memory. It can be seen that the most time consuming task is 
currently the AudioDNA extraction, however this module has not 
been optimised for performance yet. The other modules reach 
processing times which clearly make them suitable for the 
operation of a service, where several audio streams are observed 
and analysed in parallel. All numbers have been normalised to 
typical duration of a music title, i.e. four minutes, the reference 
database contained some 50.000 titles for the matching and import 
measurements. Importing is the task of putting a new AudioDNA 
into the reference database, which is important when setting up a 
new reference database based on music titles within a digital asset 
management system. 
 

Task 
duration [s] per 

title (240 seconds) 
real time 

factor 

AudioDNA extraction 77,0 3,12 

AudioDNA matching 4,8 50,00 

AudioDNA import 1,2 200,00 

Table 2 Calculation time of the main processing tasks. 
 
CONCLUSIONS 
The first results with the prototype proved that the chosen approach 
to extract a fingerprint from an audio signal robust against various 
distortions is valid. The system can be implemented on inexpensive 
standard PC hardware (Pentium III, 1 GHz), allowing the 
calculation of at least four fingerprints at the same time. 
 
The appliance of system is not limited to radio broadcast, but has 
also been successfully tested with Internet radio and Internet 
download facilities. It could be useful as monitoring tool for 
Internet service providers (ISP), ensuring the proper usage of their 
customers Internet access. 
 
The research involved around the AudioDNA opened several future 
lines of development. Among these we can find the inclusion of 
other musical-based parameters (like rhythm and melodic 
trajectories) into the pattern matching algorithm as well as 
improvements into the HMM structure in order to better fit the 
musical needs. 
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