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Abstract— In this paper we propose a new way to characterize
audio streams performing an information content analysis of the
signal. This is the first time (up to the best of our knowledge)
that the spectral entropy is used as the only feature for signal
identification. We build a signature by computing Shannon’s
entropy of the audio stream for each critical band of the signal in
the Bark Scale. We call this thespectral entropy signature(SES).
With the above concept we have designed anaudio-fingerprint
which is highly robust.

For proving our claims we designed a test corpus consisting
in a collection of 4,000 original songs. We selected 40 songs and
heavily degraded them by 1)Mixing fans turbine’s noise up to
a signal to noise ratio (SNR) of 3.4 dB, 2) Low-pass filtering
with a cutoff frequency of 1KHz, 3)Equalizing with some bands
amplified up to 20 dB while others attenuated up to 10 dB, 4)
Lossy compressing with a bit rate of 32 kbps and 5)Re-recording
with Loudspeaker to regular multimedia microphone.

We were able to correctly identify all the songs using using
excerpts of eight seconds and attained a 97.5% accuracy using
excerpts of five seconds.

EDICS: 4-FEAT

Index Terms— Audio-Fingerprint, Information, Entropy, Spec-
tral Entropy.

I. I NTRODUCTION

A UDIO-Fingerprints are essential characteristics of digital
audio streams used to score the perceptual similarity

between audio signals. AFPs should serve their purpose even
when signals have suffered degradations such as re-recording
and noise contamination. The more robust to signal degrada-
tions an AFP probes to be, the more successful will be and
more applications will be enabled. Several disciplines rely in
robust Audio fingerprinting: 1) Matching musical renditions
of the same piece of music also known asMatching per-
formances, 2) Score-performance followingallows automatic
music accompaniment and automatic adding of light effects
based on data included in the score [1] [2], 3)Querying by
sample, by singing or by humming[3] enable applications
such as buying a song via Internet without even knowing

its title. Other applications that benefit from robust AFPs
are On-line detection of occurrences of spots in AM or FM
radio broadcasts, Duplicate detection in multimedia databases,
automatic filling of empty meta-data labels of MP3 files
(Author, album, ..) and automatic identification of a song in a
noisy environment with a cell phones to place a buying order.

A. Characteristics of an AFP

When designing an AFP we have to take into consideration
its desired characteristics which are:

1) Robustness. Audio signals may be subject to a variety of
signal degradations such as Noise contamination, lossy
compression, Loudspeaker to microphone transmission
(LsMic), low-pass filtering simulating narrow band tele-
phone line transmission, Equalization and Loudness
variation. All AFPs are robust to a certain degree of
signal degradations, maybe someday there would be a
technique that allows a computer to identify a song
where not even a human being can

2) Compactness. The AFP of every audio signal from the
collection has to be stored for recognition purposes,
the dictionary might include hundreds of thousands of
songs, therefore, a compact AFP is desirable, compact-
ness is not only good for storing reasons, for example in
matching performances, an aligning technique has to be
used, if the AFP were too big then the aligning might
not be possible within reasonable time and available
computer resources.

3) Granularity. Most of Music information retrieval appli-
cations requiere the ability to identify a song with a
segment that is only a few seconds long, for example, in
querying by humming we do not want the user to have
to hum the entire song he is searching for. This AFP
characteristic is also known as robustness to cropping
since all that is used from the original song is a little
piece cut from it.
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4) Time complexity. The AFP should be determined with as
little computer effort as posible. The AFP of the whole
collection of songs has to be determined in reasonable
time, also the test song’s AFP should be computed
in less time than it takes to be played for realtime
systems, furthermore, in monitoring broadcasts, it is very
convenient to be able to find the AFP of the audio of
several FM/TV channels simultaneously.

II. RELATED WORK

Existing AFPs are basically of four kinds: (i)Sequences
of Feature Vectorsalso known astrajectoriesor traces, they
are extracted at equally spaced periods of time, an example
of this is the spectral flatness based AFP used by MPEG-
7 [4], combined with Vector quantization this kind of AFP
can be converted into a long string of integers. (ii)Single
vectors are the smallest AFPs, they are usually built with
the means and variances of features extracted from the whole
song, for example, an AFP can be a vector containing the Beats
per minute, the average zero crossing rate and the average
spectrum, another example of this kind of AFP is formed
with the centroids of the groups of the features of all the
frames determined by clustering techniques [5]. (iii)Strings
result from binary coding some characteristic of the feature
vectors so that they can be compared using the Hamming
distance. An example of this kind is Haitsma-Kalker “Hash
string” AFP [6]. (iv) HMMs are also used as AFPs, normally
a HMM is built for each song from the collection [5].

At the feature extraction level, features are normally deter-
mined on a frame by frame basis, some features are extracted
directly in time domain like the entropy based AFP [7], while
others are extracted in the frequency domain trough a variety
of Linear transforms such as the Discrete Cosine Transform,
the Discrete Fourier Transform, the Modulation Frequency
Transform [8] and some Discrete Wavelet Transforms like
Haar’s and Walhs-Hadamard’s [9].

A. Haitsma-Kalker’s “Hash String” AFP

This AFP is formed by coding the signs (0 negative, 1
positive) of the second partial derivatives, with respect first
to frequency and then to time of the energies of 33 bands
logarithmically distributed (in Bark scale) from 300 Hz to
2000 Hz. The frames are 0.37 seconds wide with overlapping
of 31/32 so that a vector of zeroes and ones is obtained
every 11.6 milliseconds, 256 such vectors corresponding to
3 seconds of audio are used to identify songs using Hamming
distance for that purpose [6]. This AFP was designed for
the purpose of recognizing songs as transmitted by a cell
phone with only 3 sec of audio, which is its granularity. This
AFP works very well for Lossy compression (MP3@32kbps)
and Low-Pass Filtering (for transmission via cellular phone
system), it is however not very robust to equalization or to
noise addition.

B. AFP of MPEG-7

A very important AFP which is part of MPEG-7 part 4
(audio) [10] is based on the Spectral Flatness Measure (SFM)

which is the geometric mean divided by the arithmetic mean as
established by equation (1). The SFM reports values between
zero and one, values near one means that the spectrum is
flat and the audio is noisy, while values near zero means
that the spectrum has peaks and the audio signal is more
tone-like. The SFM is computed for up to 24 bands with
a resolution of 1/4 of octave ranging from 250 Hz to 16
KHz overlapped 5 percent between bands for frames of 30
milliseconds using the Hanning window without overlapping
between frames. Every 32 frames the means and variances of
the SFM values are determined for each band so that a vector
is added to the AFP every 0.96 seconds. Allamancheet al
showed how this measure was superior to perceptual loudness
[11]. This AFP is excellent working with lossy compressed
as well as equalized songs however, is not very robust to
heavily noise contaminated songs like the ones used for our
tests (SNR=3.4dB), Allamanche’s experiments were done with
“a reasonable SNR of 20-25dB simulating background noise”.
The granularity of this AFP is considered to be of 15 seconds.

SFMb =

[ ∏nb

i=1 c(i)
] 1

nb

1
nb

∑nb

i=1 c(i)
(1)

Wherenb is the bandwidth for bandb

C. Time Domain Entropy Signature (TES)

Entropy has been used in speech signals as a segmentation
criterium in noisy environments [12] and in deciding the
desirable frame rate in the analysis of Speech signals [13],
but it had never been used as the main feature used for
matching audio files. Recently, we proposed a first entropy
based AFP [7]. To extract the TES of a song an initial
histogram is built with the first two seconds of the song.
Using this histogram, Shannon’s entropy is computed. The
histogram is then updated with only an increment operation
corresponding to the incoming audio sample and a decrement
operation corresponding to the sample that gets out of the
frame. The entropy is also updated with very few operations.
Since the entropy is slightly changing for every incoming
audio sample we may refer to the sequence of instant entropy
values as theEntropy signal. The entropy signal is much
smoother than the audio signal and is therefore subsampled
to only one entropy value per second. In figure 1 theentropy
signal of the songDiosa del cobre (singer: Miguel Bosé and
Ana Torroja, Album: girados en concierto, year: 2000)and
its lossy compressed version (mp3@32kbps) is shown. The
entropy signal is essentially the intended AFP, however, to
make the TES even more compact, the entropy is derived in
respect to time and from that only the sign is kept (one bit),
therefore, for a 4 minute song only 30 bytes are needed to
store it. The Hamming distance is used to compare degraded
versions of the same song and the Levenshtein distance [14]
is used to compareperformances(Musical renditions of the
same piece of music). The TES was designed to work with
whole songs so it was not subject to cropping, this AFP did
not perform very well for equalized songs and had not been
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Fig. 1. Entropy signal of the songDiosa del cobreOn top, the original
audio, below the lossy compressed version (mp3@32kbps)

tried for noise contamination or re-recorded songs, in section
V the accuracy rate for these specific degradations are reported
according to our latest experiments on this AFP.

III. F UNDAMENTALS IN INFORMATION THEORY

The entropyH is the expected information content in a
sequence, so it is the average of all the information contents
weighted by their probabilities to occur as in (2) or its
continuos version called “differential entropy” (3). The entropy
of a signal is a measure of how unpredictable it is, if the signal
is a constantk, then its probability density function (pdf) is a
unitary impulse located atk, that ispi = δ(k), and its entropy
or unpredictability is zero as shown in (4), on the opposite
case, if the signal has a uniform distribution then the entropy
would be maximum, that is, ifpi = 1/n for n possible values
then its entropy would belog(n) as in (5)

H(x) = E[I(p)] =
n∑

i=1

piI(p) = −
n∑

i=1

piln(pi) (2)

H(X) = −
∫ +∞

−∞
p(x)log[p(x)]dx (3)

Hmin = −
∑

i

δ(k)ln[δ(k)] = −ln(1) = 0 (4)

Hmax = −
n∑

i=1

1
n

ln(
1
n

) = −ln(
1
n

) = ln(n) (5)

For two-dimensional data, Shannon’s entropy is computed
with (6), for the uniform distribution, the 2D entropy is2ln(n)
as shown in (7).

H = −
n∑

i=1

n∑

j=1

pi,j ln(pi,j) (6)

Hmax = −
n∑

i=1

n∑

j=1

1
n2

ln(
1
n2

) = −ln(
1
n2

) = 2ln(n) (7)

Computing the entropy of a signal requires some estimation
of the pdfp1, p2, .., pi, .., pn, we can use parametric methods,
non parametric methods and histograms. Equations (8) and (9)
can be used if histograms are chosen, however we have to be
careful that the amount of data involved is high enough to
avoid peaks in the histogram.

pi =
fi

N
(8)

Wherefi is the number of times that valuevi occurs in the
signalx as in (9).

fi =
N∑

j=1

ϕ(xj , vi) (9)

whereϕ(x, y) = 1 if x = y andϕ(x, y) = 0 otherwise

In parametric methods, first a kind of distribution is chosen
and for that its parameters are determined [15]. If for example,
it is assumed that the audio signal follows a gaussian distrib-
ution with mean zero and varianceσ2, then the pdf would be
described by (10)

p(x) =
e−x2/2σ2

√
2π σ

(10)

Replacingp(x) into (3) we get this known formula for
determining the entropy of a random variable with a gaussian
distribution (11):

H = −
∫ ∞

−∞

e−x2/2σ2

√
2π σ

ln

[
e−x2/2σ2

√
2π σ

]
dx

=
ln(
√

2π σ)√
2π σ

∫ ∞

−∞
e−x2/2σ2

dx +

+
1√

2π 2σ3

∫ ∞

−∞
x2e−x2/2σ2

dx

=
ln(
√

2π σ)√
2π σ

√
2σ2π +

4
√

π(
√

2σ/2)
3

√
2π 2σ3

=
1
2
ln(2π) + ln(σ) +

1
2

=
1
2
ln(2πe) +

1
2
ln(σ2) (11)

Similarly, for the n-dimensional case it is not difficult to
prove that the entropy of a random variable with distribution
N (0,R) is computed with (12), whereR is the co-variance
matrix of sizen× n [16].

H =
n

2
ln(2πe) +

1
2
ln[det(R)] (12)

In non parametric methods, no assumptions are made about
the type of distribution the PDF belongs to, the PDF is shaped
by the data which is in turn smoothed by some kernel (i.e.



4

a gaussian). The Parzen window density estimation method
works this way. The k-nearest neighbor density estimation
method can be used as well [17]. Nonparametric methods
require a large number of samples to be involved to make
a good estimation of the PDF, they are computationally
too expensive and apparently not useful for realtime pattern
recognition applications.

IV. T HE SPECTRAL ENTROPY SIGNATURE

It is always a good idea to reproduce the natural way how
people identify sounds. We should mesure the information
content in audio signals but in the perspective of the human
ear. Not all frequencies can be heard with the same sensitivity.
The human ear perceives better the lower frequencies than
the higher ones. That is why our proposed entropy based
AFP (TES) was completely redesigned to use the amount of
information in audio signals for each one of the 25 critical
bands. Each band corresponds with an equal section of cochlea
(about 1.3 mm). The Bark scale was designed so that the
bandwidth of each critical band is exactly one Bark.

The proposed spectral entropy signature (SES) is extracted
as follows: First Stereo audio signals are converted to monoau-
ral by averaging both channels and precision is reduced to 8
bits. The signal is processed in frames of 1.5 seconds with
ninety percent overlapping so that a feature vector represents
150 ms of the stream. To each frame the Hanning window is
applied and then the Fast Fourier Transform is extracted, the
result is split into 24 bands of one Bark each so that only
the 25th of the critical bands is thrown away. The 25th band
corresponds to the frequencies between 15.5 to 20 khz. We
use equation (13) to convert Hertz to Barks since it gives a
great approximation to the ideal Bark scale and requires little
computation, equations (14) and (15) are used for high and
low frequency correction respectively.

z =
16.81f

1960 + f
− 0.53 (13)

z′ = z + 0.22(z − 20.1) ∀ z > 20.1 (14)

z′ = z + 0.15(2− z) ∀ z < 2 (15)

Since the real and imaginary part of the Fourier Transform
can be modelled as a Gaussian random variable according to
[18], the entropy is computed with equation (12) adjusted for
a bidimensional variable as in (16).

H = ln(2πe) +
1
2
ln(σxxσyy − σ2

xy) (16)

where σxx and σyy also known asσ2
x and σ2

y are the
variances of the real and the imaginary part respectively
and σxy = σyx is the covariance between the real and the
imaginary part of the spectrum in its rectangular form and so
σxyσyx = σ2

xy (values normally too small).
Up to this point in the process of determining the SES,

we have 24 floating point values (spectral entropy values)
for every 150 ms, the sequence of vectors corresponding to
the whole song makes a matrix of 24 rows and a number

cobre.wav

cobreEqualized.wav

cobre1KHz.wav

cobreHiss2.wav

cobre32kbps.mp3

cobreLsMic.wav

Fig. 3. Entropygrams of various versions of the songDiosa del cobre
from the top downwards: the original, equalized, LowPass filtered with 1KHz
cutoff, mixed with turbine’s noise to SNR of 3.4 dB, Lossy compressed
(mp3@32kbps) and Loudspeaker-Microphone transmission

of columns that depends on the duration of the song. This
matrix can be shown as an image where the horizontal axis
represents time, the vertical axis represents frequency and the
gray levels are proportional to the amount of information for
every band and frame. We call this imagesEntropygrams. In
figure 3 the entropygrams of various degraded versions of the
song “Diosa del cobre” (Miguel Bośe and Ana Torroja)are
shown. The similarity of the entropygrams shown in figure 3
is nothing else that an evidence of robustness of an spectral
entropy based AFP.

An AFP must be compact, therefore, as depicted in figure
2 where a diagram of the process of determining the SES can
be seen, the difference of the entropies of each frame and the
previous one are determined for each band. The resultant is a
vector for which its sign is coded (1 positive, 0 negative), this
way only 3 bytes are needed for 150ms of audio. Equation
(17) states how the bit corresponding to bandb and framen
is determined with the entropy for bandb and framesn and
n− 1. This coding is equivalent to keep only the information
of wether the entropy on each band is increasing or not. Since
the SES is a binary matrix, it can be shown as a black and
white image as the one shown in figure 4 where the SES of
the piece of the songDiosa del cobrethat starts at 30 sec and
ends at 90 sec is shown. In the same figure, the 5 sec fragment
starting at 60 sec is magnified.

F (n, b) =
{

1 H(n, b)−H(n− 1, b) > 0
0 Otherwise

(17)

V. EXPERIMENTS

The experiments on robustness were carried out taking into
consideration the following deformations:

1) Lossy compression to mp3@32kbps.
2) Equalization according to table I.



5

FFT

H

H

H T

T

T

+

+

+

-

-

-

>0

>0

>0

Framing

Band
Division

Entropy
Computation

Codification

F(n,0)

F(n,23)

F(n,1)

Fig. 2. Information content analysis and coding for SES extraction

Fig. 4. SES of fragment of the songDiosa del cobrethat starts at 30 sec
and ends at 90 sec. The 5 sec frame at 60 sec is magnified

TABLE I

PARAMETERS FOR THE EQUALIZER

KHz .06 .17 .31 .6 1 3 6 12 14 16
dB 20 10 0 -5 -10 -5 0 5 10 20

3) Mixing with noise from industrial fans and airplane’s
turbines up to a Signal to Noise Ratio (SNR) of 3.4 dB.

4) Low pass filtering with a cutoff frequency of 1KHz.
5) Loudspeaker-Microphone transmission (Ls-Mic), this

degradation consists on playing the music over the pair
of loudspeakers of a multimedia system and recapturing
it with an omnidirectional microphone with a sensibility
of -54±3 dB and a frequency response of 50Hz to
16KHz in a noisy environment.

In figure 3, the entropygrams of six versions of the song
Diosa del cobre(Sing:Miguel Bośe and Ana Torroja, Album:
Girados en concierto, year 2000) are shown, even when all
the songs have been heavily degraded, the entropygrams look
quite similar and allow us to design a very robust AFP.

A. Experiment 1

To learn if as suspected the SES is more robust than the
TES the following experiment was carried out: The SES and
the TES of a collection of4 000 songs from all kind of
genres (rock, pop, tropical, classical, etc.) were extracted.
Forty of these songs (one percent) were subject to the five
signal degradations described at the beginning of this section,
the SES and the TES of this resultant 240 audio files (in-
cluding the originals) were also extracted. Using the nearest
neighbor criterium, the 240 SES and TES were searched in
the collection of4 000. Table II shows the accuracy rate that
resulted from this experiment, which indeed proved that the

TABLE II

ACCURACY RATE FOR DIFFERENT SIGNAL DEGRADATIONS USINGTES

AND SESWITHOUT CROPPING(WHOLE SONGS)

Degradation TES SES

Equalization 73.7 % 100 %
Noise contamination (SNR=3.4dB) 13.2 % 100 %
Re-recording (LsMic) 92.1 % 100 %
Low-Pass filtered (1KHz) 100 % 100 %
Lossy Compressed (32kbps) 100 % 100 %

SES is a more robust AFP than the TES for equalization, noise
contamination and re-recording.

B. Experiment 2

Experiment 1 was done using whole songs, however, for
some applications it is important to recognize a song using
only a few seconds of it, that is why another experiment was
designed:

1) The SES of random pieces of songs of three, five and
eight seconds were extracted. In figure 5 the entropy-
grams of the piece of the songDiosa del cobrethat
starts on second 60 and ends on second 65 corresponding
to the six degraded versions are shown (including the
original). The SES obtained by coding the sign of the
time derivatives are shown in figure 6.

2) The comparisons were made using the Hamming dis-
tance. In figure?? the SES of a 5 seconds piece of the
songDiosa del cobreis compared with the SES of the
equalized version of the same piece of that song, the
absolute values of the differences gives an idea of the
Hamming distance.

3) The short segment’s SES determined in step 1 of this
experiment were searched inside every whole song’s
SES from the collection of4 000 available. For example,
the SES matrix of the five second pieces of every
degraded version of the songDiosa del cobreshown in
figure 6 correctly matched the submatrix of the whole
song’s SES that is magnified in figure 4. Lets formalize
this process, the SES extracted from a piece of audio of
only five seconds is a boolean matrixt of 23 rows and 24
columns, The extracted SES from the entire collection of
songs available make a set of matrixesR = r1, r2, ..., rn
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cobreEQ.wav cobre1Khz.wav

cobreHiss2.wav cobre32kbps.mp3 cobreLsMic.wav

cobre.wav

Fig. 5. Entropygrams of the same segment of five seconds of various
versions of the songDiosa del cobrefrom the top downwards and left to
right: the original, equalized, LowPass filtered with 1KHz cutoff, mixed with
turbine’s noise getting an SNR of 3.4 dB, Lossy compressed (mp3@32kbps)
and Loudspeaker-Microphone transmission

cobre.wav cobreEQ.wav cobre1Khz.wav

cobreHiss2.wav cobre32kbps.mp3 cobreLsMic.wav

Fig. 6. SES of the same segment of five seconds of various versions of the
songDiosa del cobrefrom the top downwards and left to right: the original,
equalized, LowPass filtered with 1KHz cutoff, mixed with turbine’s noise to
SNR of 3.4 dB, Lossy compressed (mp3@32kbps) and re-recorded

where matrixri has also 24 columns but a number of
rows that depends on the duration of the ith song. Matrix
t is compared with allri submatrixes of the same size
(23 by 24) to see if the piece of audio can be considered
as being part of the ith song.

The percentage of songs that were correctly identified using
the criterium of the nearest neighbor is listed on table III for
excerpts sizes of 3 and 8 seconds also.

Not even the original (Not subject to any kind of degrada-
tion) was found with a Hamming Distance of zero because the
randomly selected segment of five seconds had always a first
frame that was not aligned with any frame of the complete
song, so the experiment was reproducing a real scenario.

cobreEQ.wav cobre1Khz.wav

cobreHiss.wav cobre32kbps.mp3 cobreLsMic.wav

Fig. 7. Absolute differences with the original. From the top downwards
and left to right: Equalized version, low-pass filtered version, noisy version
(SNR=3.4dB), compressed version ( mp3@32kbps) and re-recorded version

TABLE III

ACCURACY RATE OF OURSESFOR DIFFERENT SIGNAL DEGRADATIONS

AND CROPPING(EXCERPT SIZES)

Degradation 3 secs 5 secs 8 secs

Original 100 % 100 % 100 %
Equalization 100 % 100 % 100 %
Noise contamination (SNR=3.4dB) 97.5 % 100 % 100 %
Re-recording (LsMic) 92.5 % 95 % 100 %
Low-Pass filtered (1KHz) 100 % 100 % 100 %
Lossy Compressed (32kbps) 100 % 100 % 100 %

C. Experiment 3

The third experiment was designed to discover how robust
the SES is in relation to two of the most important AFPs
described in subsection II. Excerpts of ten seconds from the
same 240 audio files used in experiment 1 were extracted.
The AFPs of these excerpts were searched inside the AFPs
of every one of the songs from our available collection of
4 000. Searching an excerpt’s AFP inside a song’s AFP
means computing the distance between the excerpt’s AFP
and the piece of the AFP corresponding to every posible
segment of ten seconds from the whole songs. The name of
the song to which the nearest AFP belongs to is compared
to the name of the song the excerpt was extracted from.
When the name matches consistently the resultant accuracy
is high. In table IV the accuracy rate for Haitsma-Kalker’s
AFP, Allamanche’s AFP (MPEG-7) and our SES is reported.
The highest frequency resolution allowed in the standard of
MPEG-7 was selected (24 bands).

Segments of various degraded versions of one
of the songs of the test set are available at
http://lc.fie.umich.mx/∼camarena.

VI. CONCLUSIONS ANDFUTURE WORK

1) Regarding robustness. The spectral entropy signature
proposed in this paper has probed to be highly robust
to heavy degradations of the audio signals. Others AFPs
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TABLE IV

ACCURACY RATE OF OURSESAND THE AFP OF MPEG-7FOR

DIFFERENT SIGNAL DEGRADATIONS

Degradation SES MPEG-7 Haitsma

Original 100 % 100 % 100 %
Equalization 100 % 100 % 40 %
Noise contamination (SNR=3.4dB) 100 % 10 % 20 %
Re-recording in noisy environment 100 % 40 % 10 %
Low-Pass filtered (1KHz) 100 % 25 % 70 %
Lossy Compressed (32kbps) 100 % 100 % 80 %

as reported by their designers have also high robustness
ranging from 99.8 to 100 percent. The results reported
in this paper do not contradict those results, a remark
has to be made again in the level of degradation to
which the songs were subject in our experiments. For
example in Haitsma-Kalker’s paper the equalized songs
were amplified 3dB for some bands and attenuated 3 dB
for others while in our tests the equalized songs were
amplified 5 dB, 10 dB or even 20 dB in some bands
while others were attenuated 5 dB or even 10 dB. As
another example, in Allamanche’s paper, the songs are
contaminated with noise only with a “reasonable SNR
of 20-25 dB simulating background noise”. Instead, we
used turbines and fans noise contamination to get an
SNR of 3.4 dB (Recall than an SNR of 1dB means
the same intensity level of music than noise which
would make difficult even to humans to identify songs).
As a final example, the Low-pass filtering reported in
Haitsma-Kalker was made with a cutoff frequency of
3KHz in contrast to a cutoff frequency of 1KHz used in
our tests.

2) Compactness. The extremely low resolution of 24 bits
every 150 ms implies a very compact fingerprint which
is a great advantage, the fingerprint is only 0.16 kbit/s
in comparison to Haitsma-Kalker’s AFP which is of 2.6
kbit/s.

3) Time complexity. The time it took to determine SES is
less than half the time of the duration of the song in a
personal computer Pentium 4 of 2.8GHz and 512 MB
of RAM thus enabling real time applications. It is also
true that the SES requieres more time to be extracted
than Allamanche’s AFP or Haitsma-Kalker’s AFP. For
example, for a 4 minute song our algorithm for deter-
mining the SES requires one and a Half minute, while
Haitsma-Kalker’s AFP is determined in 50 seconds and
Allamanches’s AFP in just 20 seconds.

4) Granularity. Our tests showed excellent results for ex-
cerpts of five seconds which is therefore the minimum
time recommended for this AFP without increasing res-
olution. Haitsma-Kalker’s AFP has a better granularity o
three seconds while Allamanche’s AFP is of 15 seconds.

In the future we plan to implement an index so the search
for the closest piece of song from the whole collection of
songs would be far more efficient, the experiments reported
in this paper were carried out by moving the search window
one column at a time inside the AFP matrix so no posible

submatrix would be missed, this kind of linear search is
possible in a collection like ours (4000 songs), however in
a huge collection (100,000 songs) it would not be practical,
nevertheless the only difference would be in the time needed
to recognize a song, the accuracy will not be modified by the
implementation of the index.
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