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6 
Fingerprinting and 
Audio Signal Quality 

6.1 INTRODUCTION 

This chapter is dedicated to audio fingerprinting and audio signal quality descrip­
tion. In general, the MPEG-7 low-level descriptors in Chapter 2 can be seen 
as providing a fingerprint for describing audio content. We will focus in this 
chapter on fingerprint ing tools specifically developed for the identification of a 
piece of audio and fo r describing ils quality. 

6.2 AUDIO SIGNATURE 

6.2. l Generalities on Audio Fingerprinting 

This section gives a general introduction to the concept of fingerprinting. The 
technical aspects will be detailed in Sections 6.2.2- 6.2.4 quoted out of (Cano 
et al., 2002a) and (Herre etal., 2002). 

6.2.1 . l Motivations 

The last decades have witnessed enormous growth in digitized audio (music) 
content production and storage. This has made available to today's users an 
overwhelming amount of audio materia l. However, this scenario created great 
new challenges for search and access to audio material, turning the process of 
findi ng or identifying the desired content efficiently into a key issue in this 
context. 

MPEG-7 Autllo and Beyond: Audio Content 1,u/exiug a11d Retrieval H.•G. Kim. N. Moreau and T. Sikora 
Q 2005 John Wiley & Sons, Ltd 
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Audio fi ngerprinting or content-based audio identification (CBID) technolo­
gies ' are possible and effective solutions to the aforementioned problems, pro­
viding the ability to link unlabelled audio to corresponding metadata (e.g. artist 
and song name), perform content-based integrity verification or watermarking 
support (Cano et al., 2002c). 

Audio watermarking is a lso another possible and much proposed solution. It is 
somewhat related to audio fingerprinting, but that tOpic is beyond the scope of this 
section. There are some references that exp lain the differences and sim ilarities 
between watermarking and fingerprinting, and evaluate the applications where 
each technology is best suited for use (Cano et al., 2002c; G6mez et al., 2002; 
Gomes et al., 2003). 

The basic concept behind an audio fingerprinting system is the identification 
of a piece of audio content by means of a compact and unique signature extracted 
from it. This signature, also known as the audio fingerprint, can be seen as a 
summary or perceptual digest of the audio recording. During a training phase, 
those signatures are created from a set of known audio material and are then 
stored in a database. Unknown content, even if distorted or fragmented, shou ld 
afterwards be identified by matching its signature against the ones contained in 
the database. 

However, great difficulties arise when trying to identify audio-distorted content 
automatically (i.e. comparing a PCM music audio clip against the same clip 
compressed as MP3 audio). 

Fingerprinting eliminates the direct comparison of the (typically large) digi­
tized audio wavefonn as an efficient and effective approach to audio identifi­
cation. Also hash methods, such as MDS (Message Digest 5) or CRC (Cyclic 
Redundancy Checking), can be used to obtain a more compact representation of 
the audio binary fi le (which would allow a more efficient matching). It is diffi­
cult to achieve an acceptable robustness to compression or minimal distortions 
of any kind in the audio signals using hash methods, si nce the obtained hash 
values are very fragile to single bit changes. 

Hash methods fail to perform the desired perceptual identification of the audio 
content. In fact, these approaches should not be considered as content-based 
identification, since they do not consider the content, just the bit information in 
the audio binary files (Cano et al., 2002a). 

When compared with the direct matching of multimedia content based on 
waveforms, fingerprint systems present important advantages in the identification 
of audio contents. Fingerprints have small memory and storage requirements and 
perfom1 matching efficiently. On the other hand, since perceptual irrelevancies 
have already been removed from the fingerprints, fingerprinting systems should 
be able to achieve much more robust matching results. 

1 A udio fingerprinling is also known as robust matching, robust or perceptual hashing, passive 
watermarking, automatic music recognition, content-based digital signatures and content-based audio 
idenJification (Cano et al .. 2002c). 
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6.2.1.2 Requirements 

An audio fingerprinting system should fulfil the following basic, application­
dependent requirements (Cano et al., 2002a, Haitsma and Kalker, 2002): 

• Robustness: the system should be able to identify an audio item accurately, 
regardless of the level of compression, distortion or interference in the trans­
mission channel. Additionally, it should be able to deal gracefully with other 
sources of degradation, such as pitch shifting, time extension/compression, 
equalization, background noise, AID and DIA conversion, speech and audio 
coding artefacts (e.g. GSM, MP3), among others. In order to achieve high 
robustness, the audio fingerprint should be based on featu res strongly invariant 
with respect to signal degradations, so that severely degraded audio still leads 
to similar fi ngerprints. The false negative rate (i.e. very distinct audio finger­
prints corresponding to perceptually similar audio clips) is normally used to 
express robustness. 

• Reliability: highly related to the robustness, this parameter is inversely related 
to the rate at which the system identifies an audio clip incorrectly (false posi­
tive rate). A good fingerprinting system should make very few such mismatch 
errors, and when faced with a very low (or below a specified threshold) iden­
tification confidence it should preferably output an "unknown" identification 
result. Approaches to deal with false positives have been treated for instance 
in (Cano e l al. , 2001). 

• Granularity: depending on the application, it should be able to identify whole 
titles from excerpts a few seconds long (this property is also known as robust­
ness to cropping), which requires methods for dealing with shifting. This 
problem addresses a lack of synchronization between the extracted fingerprint 
and those stored in the database. 

• Efficiency: the system shou ld be computationally efficient. Consequently, the 
size of the fingerprints, the complexity of the corresponding fingerprint extrac­
tion algorithms, as wel I as the speed of the searching and matching algorithms, 
arc key factors in the global efficiency of a fingerprinting system. 

• Scalability: the algori thms used in the distinct building blocks of a finger­
printing system should scale well with the growth of the fingerprint database, 
so that the robustness, reliability and efficiency parameters of the system 
remain as specified independently of the register of new fingerprints in the 
database. 

There is an evident interdependency between the above listed requirements. In 
most cases, th is is when improving one parameter implies losing perfonnance in 
another. A more detailed enumeration of requirements can be found in (Kalker, 
200 1; Cano et al., 2002c). 

An audio fingerp rint system generally consists of two main building blocks: 
one responsible for the extraction of the fingerprints and another one that per­
fonns the search and matching of fingerpri11ts. The fingerprint extraction module 
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should try to obtain a set of relevant perceptual feat ures out of an audio record­
ing, and the resultant audio fingerprint should respect the following requirements 
(Cano et al., 2002c): 

• Discrimination power over huge numbers of other fingerprints : a fingerprint 
is a perceptual digest of the recording, and so must retain the maxjmum of 
acoustically relevant infonnation. This digest should allow discrimination over 
a large number of fingerprints. This may conflict with other requirements, 

such as efficiency and robustness. 
• Invariance to distortions: this derives from the robustness requirement. 

Content-integrity applications, however, may relax this constraint for content 
preserving distortions in order to detect deliberate manipulations. 

• Compactness: a small-sized representation is important for efficiency, since 
a large number (e.g. millions) of fingerprints need to be stored and com­
pared. However, an excessively short representation might not be sufficient to 
discriminate among recordings, thus affecting robustness and reliabil ity. 

• Computational simplicity: for efficiency reasons, the fingerprint extraction 
algorithms should be computationally efficient and consequently not very time 
consuming. 

The solutions proposed to fulfil the above requirements normally call for a 
trade-off between dimensionality reduction and infonnation loss, and such a 
compromise is usually defined by the needs of the application in question. 

6.2.1.3 General Structure of Audio Identification Systems 

Independent of the specific approach to extract the content-based compact 
signature, a common architecture can be devised to describe the function­
ality of fingerprinting when used for identification (RIAA/IFPI, 2001 ). This 
general architecture is depicted in Figure 6.1. Two distinct phases can be 
distinguished: 

• Building the database: off-line a memory of the audio to be recognized is 
created. A series of sound recordings is presented to a fingerprint generator. 
This generator processes audio signals in order to generate fingerprints derived 
uniquely from the characteristics of each sound recording. The fi ngerprint (e.g. 
the compact and unique representation) that is derived from each recording 
is then stored in a database and can be Jinked with a tag or other metadata 
relevant to each recording. 

• Content identification: in the identification mode, unlabelled audio (in e ither 
streaming or fi le format) is presented to the input of a fingerprint generator. 
The fingerprint generator function processes the audio signal to produce a 
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Recordings' 
Colleccion --~ 

Recordings' 
IDs 

Fingerprint 
Generalor 

Building the Database 

Unlabelled 
Recording -----<~ 

(Test Track) 

Fingerprint 
Generacor 

Identification 

Recording ID 
(Track ID) 

Figure 6.1 Content-based audio identification frnmewurk 

2 11 

fingerprint. This fingerprint is then used to query the database and is compared 
wi th the stored fingerprints. lf a match is fo und, the resulting track identifier 
(Track TD) is retrieved from the databa~e. A confidence level or proximity 
associated with each ma tch may also be given. 

The actua l implementations of audio fingerprinting nonnally fo llow this 
scheme with differences on the acoustic features observed and the modelling of 
audio as we.II as in the. matching and inde.xing algorithms. 

6.2.2 Fingerprint Extraction 

The overall extraction procedure is schematized in Figure 6 .2. The fingerprint 
generator consists of a front-end and a fingerprint modelling block. These two 
modules are described in the following sections. 

6.2.2. l Front-End 

The front-end converts an audio signal into a sequence of relevant features 
to feed the fingerprint model block. Several driving forces co-exist in the 
design of the front-end: dimensionality reduc tion, extraction of perceptua ll y 
meaningful parameters (similar to those used by the human auditory system), 
design towards invariance or robustness (with respect to channel distortions, 
background noise, etc.), temporal correlation (systems that capture spectral 
dynamics). 
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Audio 

Front-End 

Pre-processing 

Framing & Overlap 

Transforms 

Feature Extraction 

Post-Processing 

Fingerprint Modelling 

Audio Fingerprint 

Figure 6.2 Fingerprint generator: frond-end and fingerprint modelling (Cano el al., 
2002a) 

The front-end comprises five blocks: pre-processing, framing and overlap, 
transformation, feature extraction and post-processing (see Figure 6.2). 

Pre .Processing 
Most of the front-ends for audio fingerprinting start with a pre-processing step, 
where the audio is digitized (if necessary) and converted to a general digital audio 
fom1at (e.g. 16-bit PCM, 5-44.1 kHz, mono). The signal may also be subjected 
to other types of processing, such as GSM encoding/decoding in a mobile phone 
system, pre-emphasis, amplitude nonnalization (bounding the dynamic range to 
[- 1, I ]), among others. In the training phase (i.e. when adding a new fingerprint 
to the database), the fingerprint is usually extracted from an audio source with the 
best quality possible, trying to minimize interference, distortion or unnecessary 
processing of the original audio recording. 

Framing and Overlap 
The audio signal is then divided into frames (whose size should be chosen so that 
measurements can be assumed to be a stationary signal), windowed ( in order to 
minimize discontinuities) and finally overlapped (this assures some robustness to 
shifting). The choice of the frame size, window type and overlap factor is again 
a trade-off between lhe rate of change in the spectrum and system complexity. 
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Typical val ues for frame size and overlap factor are in the ranges 10- 500ms 
and 50-80%, respectively. 

Linear Transforms: Spectral Estimates 
In order to achieve the desired reduction of redundancy in the audio signal, the 
audio frames are first submitted to a suitab ly chosen linear transformation. The 
most common transformation used in audio fingerprinting systems is the fast 
Fourier transform (FFT), but some other transforms have also been proposed: the 
discrete cosine transform (DCT), the Haar transfonn or the Walsh-Hadamard 
transform (Subramanya et al., 1997), and the modulated complex lapped trans­
fonn (MCLT) (Mihcak and Yenkatesan, 200 l; Burges et al., 2002). Richly et al. 
did a comparison of the DFT and the Walsh- Hadamard transform that revealed 
that the DFT is generally less sensitive to shifting (Richly et al., 2000). The 
MCLT exhibits approximate shift invariance properties. 

There are optimal transforms in the sense of information packing and decor­
relation properties, like Karhunen-Loeve (KL) or singular value decomposition 
(SVD) (Theodoris and Koutroumbas, 1998). These transforms, however, are sig­
nal dependent and computationally complex. For that reason, lower-complexity 
transforms using fixed basis vectors are more common. Most content-based audio 
identification methods therefore use standard transforms to facilitate efficient 
compression, noise removal and subsequent processing (Lourens, 1990; Kurth 
et al., 2002). 

Feature Extraction 
Once a time-frequency representation of the audio signal has been transformed, 
additional transfonnations are applied to the audio frames to generate the final 
acoustic vectors. The purpose is again to reduce the dimensionality, and at the 
same time to increase the invariance to distortions. A large number of algorithms 
have been proposed to generate the final feature vectors, and many of them 
extract several features by means of a critical-band analysis of the spectrum. 

Tt is very common to include knowledge of the human auditory system 
to extract more perceptually meaningful parameters. Therefore, many systems 
extract several features performing a critical-band analysis of the spectrum. In 
(Papaodysseus et al., 200 1; Cano et al., 2002a), mel-frequency cepstrum coeffi­
cients (MFCCs) are used. In (Allamanche et al., 2001), the choice is the spectral 
flatness measure (SFM), which is an estimation of the tone-like or noise-like 
quality for a band in the spectrum. Papaodysseus et al. proposed a solution based 
on "band representative vectors", which are an ordered list of indexes of bands 
with prominent tones (Papaodysseus et al., 2001). Kimura et al. use the energy 
of each frequency band (Kimura et al., 2001), and Haitsma and Kalker propose 
the use of the energies of 33 bark-scaled bands to obtain a "hash string", which 
is the sign of the energy band differences, in both the time and in frequency axes 
(Haitsma and Kalker, 2002). 
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Sukittanon and Atlas claim that spectral estimates and related features are only 
inadequate when audio channel distortion occurs (Sukittanon and Atlas, 2002). 
They proposed modulation frequency analysis to characterize the time varying 
behaviour of audio signals. In this case, features correspond to the geometric 
mean of the modu lation frequency estimation of the energy of 19 bark-spaced 
band filters. 

Approaches for music information retrieval include features that have proved 
valid for comparing sound: harmonicity, bandwidth, loudness, ZCR, etc. (Blum 
et al., 1999). 

(Burges et al., 2002) point out that the features commonly used are heuristic, 
and as such may not be optimal. For that reason they use a modified Karhunen­
Loeve (KL) transform, namely oriented principal component analysis (OPCA), 
to find the optimal features in an unsupervised way. If KL (which is also known 
as principal component analysis, PCA) finds a seL of orthogonal direcLious which 
maximize the signal variance, OPCA obtains a set of possible non-orthogonal 
directions which take some predefined distortions into account. 

Post-Processing 
Most of the above-mentioned features are absolute measurements. In order to 

characterize better the temporal variations in the signal, higher-order time deriva­
tives are added to the feature vector. In (Batlle et al. , 2002; Cano et al., 2002a), 
the feature vector is the concatenation of MFCCs, their derivative (.:i) and the 
acceleration (.:i.:i), as well as the .:i and .:i.:i of the energy. In order to minimize 
the tendency of derivative features to amplify noise, (Batlle et al., 2002) use cep­
strum mean nonnalization (CMN) to reduce slowly varying channel distortions. 

They both use transforms (e.g. PCA) to compact the feature vector representa­
tion. Some other systems use only the derivative of the features, discarding their 
absolute values (Allamanche et al., 2001; Kurth et al., 2002). It is quite common 
to apply a very low-resolution quantization to the features: ternary (Richly et al., 
2000) or binary (Haitsma and Kalker, 2002; Kurth et al., 2002). This allows the 
gaining of robustness against distortions (Haitsma and Kalker, 2002; Kurth et al., 
2002), normalizes (Richly et c1l., 2000), eases hardware implementations and 
reduces memory requirements. Binary sequences are required to extract error cor­
recting words. In (Mihcak and Venkatesan, 2001 ), the discretization is designed 
to increase randomness in order to minimize fingerprint collision probability. 

6.2.2.2 Fingerprint Modelling 

The fingerprint modelling block usually receives a sequence of feature vectors 
calculated on a frame-by-frame basis. This is a sequence of vectors where 
redundancies may he exploited in the frame time vicinity, inside a recording 
and across the whole database to reduce the fingerprint size further. The type 
of model chosen conditions the distance metric and also the design of indexing 
algorithms for fast retrieval. 
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A very concise form of fingerprint is achieved by summanzmg the multi­
dimensional vector sequences of a whole song (or a fragment of it) in a single 
vector. 

In Etantrum, 1 the fingerprint was calculated from the means and variances 
of the 16 bank-filtered energies corresponding to 30 s of audio encoding with a 
signature of up to 512 bits, which along with information on the original audio 
fonnat was sent to a server for identification (Cano et al., 2002a). MusicBrainz' s2 

TRM audio fingerprint is composed of the average zero crossing rate feature, the 
estimated beats per minute (BPM), an average representation of the spectrum 
and some more features of a piece of audio. This fingerprint model proved to 
be computationally efficient and compact, addressing the requirements of the 
application for which this system was designed: linking MP3 files to metadata 
(title, artist, etc.). This application gives priority to low complexity (on both the 
client and server side) to the detriment of robustness. 

Fingerprints can also be simple sequences of features. In (Haitsma and Kalker, 
2002) and (Papaodysscus et al., 200 l ), the fingerprint, which consists of a 
sequence of band representa tive vectors, is binary encoded fo r memory effi­
ciency. Some systems include high-level musically meaningful attributes, like 
rhythm (BPM) or prominent pitch (Blum et al., 1999). 

Following the reasoning on the possible sub-optimality of heuristic features , 
(Burges et al. , 2002) employs several layers of OPCA to decrease the local statis­
tical redundancy of feature vectors with respect to time, reducing dimensionality 
and achieving better robustness to shifting and pitching. 

(Allamanche et al., 2001) propose the exploration of "global redundancies" 
within an audio piece, assuming that the audio features of a given audio item 
are similar among them. From this assumption, a compact representation can 
be generated by clustering the feature vectors, thus approximating the sequence 
of feature vectors by a much lower number of representative code vectors, a 
codebook. However, the temporal evolution of the extracted features is Jost with 
such an approximation. In order to achieve higher recognition results and faster 
matching, short-time statistics are collected over regions of time, which allows 
taking into account certain temporal dependencies and shortening the length of 
each sequence. 

(Cano et al., 2002b) and (Batlle et al., 2002) use a fingerprint model much 
inspired by speech research, and which further exploits global redundancy. They 
view a corpus of music as sentences constructed of concatenating sound classes 
of a finite alphabet (e.g. "perceptually equivalent" drum sounds occur in a great 
number of pop songs). This approximation yields a fingerprint which consists 
of sequences of indexes to a set of sound classes representative of a collection 
of audio items. The sound classes arc estimated via unsupervised clustering and 

1 Availahle on-line at: http://www.freshmeat.net/project/songprint. 
2 MusicBrainz: hllp://www.musicbrainz.org. 



 

Page 18 of 31

216 6 FINGERPRINTING AND AUDIO SIGNAL QUALITY 

modelled with hidden Markov models (HMMs). This fi ngerprint representation 
retains the information on the evolution of audio through time. 

Tn (Mihcak and Venkatesan, 2001), discrete sequences are mapped to a dic­
tionary of error correcting words. Tn (Kurth et al., 2002), the error correcting 
codes form the basis of their indexing method. 

6.2.3 Distance and Searching Methods 

After an audio database has been indexed with the extracted fingerprints of 
individual recordings, it can be searched by the fingerprint identification module 
as depicted in Figure 6. 1. 

In order to compare fingerprints, it is necessary to define some sort of metric. 
Distance metrics are closely related to the type of model chosen. Correlation 
is a common option, but the Euclidean distance, or variations of it that deal 
with sequences of different lengths, are used for instance in (Blum et al. , 1999). 
In (Sukittanon and Alias, 2002), the classification is nearest neighbour using 
a cross-entropy estimation. In systems where the vector feature sequences are 
quantized, a Manhauan distance (or Hamming distance when the quantization 
is binary) is common (Richly et al., 2000; Haitsma and Kalker, 2002). Another 
error metric called the exponential pseudo norm (EPM), suggested by (Mihcak 
and Venkatesan, 200 1 ), could be more appropriate to distinguish between close 
and distant values with an emphasis s tronger than linear. 

So far, the presented identification frameworks are based on a template match­
ing paradigm (Thcodoris and Koutroumbas, 1998): both the reference fingerprints 
(the ones stored in the database) and the test fingerprints (the ones extracted from 
the unknown audio) are in the same format and are thus compared according to 
some distance metric, e.g. Hamming distance, a correlation and so on. 

However, in some systems only the reference items are actually finger­
prints, compactly modelled as a codebook or a sequence of indexes to HMMs 
(Allamanche el al., 2001; Batlle et al. , 2002), and in these cases the dis­
tances are computed directly between the feature sequence extracted from the 
unknown audio and the reference audio fi ngerprints srored in the repository. In 
(Allamanche et al., 2001), the feature vector sequence is matched to the different 
codebooks using a distance metric. For each codebook, the errors are accumu­
lated. The unknown items are then assigned to the class which yields the lowest 
accumulated error. ln (Batlle et at., 2002), the feature sequence is run against the 
fingerprints (a concatenation of indexes pointing at HMM sound classes) using 
the Viterbi algorithm and the most likely passage in the database is selected. 

Besides the definition of a distance metric for a fingerprint comparison, a 
fundamental issue for the usabi lity of such a system is how the comparison of the 
unknown audio will in fact be made efficiently against all the possibly millions of 
fingerprints, and this depends heavily on the fingerprint model being used. Vector 
spaces allow the use of efficient, existing spatial access methods (Baeza-Yates 
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and Ribeiro-Neto 1999). The general goal is to build a data structure, an index, to 
reduce the number of distance evaluations when a query is presented. As stated 
hy (Chavez et at., 200 I), most indexing algorithms for proximity searching huild 
sets of equivalence classes, discard some classes and exhaustively search the rest. 
They use a simpler distance to eliminate many hypotheses quickly, and the use of 
indexing methods to overcome the hrute-force exhaustive matching with a more 
expensive distance function is found in the content-based audio identification 
literature, e.g. in (Kenyon, 1999). Haitsma and Kalker proposed an efficient 
search algorithm: instead of following a brute-force approach where the distance 
to every position in the database would be calculated, the distance is calculated 
for a few candidate positions only (Haitsma and Kalker, 2002). These candidates 
contain, with very high probability, the best-matching position in the database. 
In (Cano et at., 2002a), heuristics similar to those used in computational biology 
for the comparison of DNA are used to speed up a search in a system where the 
fingerprints arc sequences of symbols. (Kurth et at., 2002) presents an index that 
uses code words extracted from binary seque11ces representing the audio. These 
approaches, although very fast, make assumptions on the errors permitted in the 
words used lo build the index. This could result in false dismissals; the simple 
coarse distance used for discarding unpromising hypotheses must lower bound 
the more expensi ve fine distance. 

The final step in an audio fingerprinting system is to decide whether the query 
is present or not in the repository. The result of the comparison of the exttracted 
fingerprint with the database of fingerprints is a score which results from the 
calculated distances. The decision for a correct identification must be based on a 
score that is beyond a certain threshold. However, this threshold is not trivial to 
define, and dependent on the fingerprint mode'!, on the discriminative information 
of the query, on the simi lari ty of the fingerprints in the database and on the 
database size. The larger the database, the higher the probability of returning a 
false positive, and consequently the lower the reliability of the system. 

6.2.4 MPEG-7-Standardized AudioSignature 

The MPEG-7 audio standard provides a generic framework for the descriptive 
annotation of audio data. The AudioSignature high-level tool is a condensed 
representation of an audio signal, designed to provide a unique content identifier 
fo r the purpose of robust automatic identification. It is a compact-sized audio 
signature which can be used as a fingerprint. This tool also provides an example 
of how to use the low-level MPEG-7 framework . 

6.2.4.1 Description Scheme 

The AudioSignature description essentially consists of a statistical summariza­
tion of AudioSpectrumFlatness low-level descriptors (LLDs) over a period of 
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time. These AudioSpecLrumFlatness descriptors (see Chapter 2) a re extracted 
on a frame-by-frame basis. The spectral flatness LLDs are stored in the unique 
attrihute of the AudioSignaLure description scheme, which is called Flatness. 

There are some restrictions regarding the instantiations of the AudioSpeclrum­
Flatness descriptors. In order to constitute a valid AudioSignature description, 
the following requirements have to be satisfied: 

• The AudioSpecLrumFlatness descriptions contained by the Flatness attribute 
must be stored as a SeriesOJVectorBinary description. 

• Both the Mean and the Variance fields of the SeriesOJVectorBinary series 
containing the Flatness features have to he instantiated. 

• The scaling ratio (i.e. the ratio attribute of the SeriesOfVectorBinary) must 
range between 2 and 128. The default value is 32. 

• The loEdge attribute of the AudioSpectrumFlatness descriptor is fixed a t 
250 Hz.. 

• The hiEdge attribute of the AudioSpectrumFlatness descriptor must be at least 
500 Hz.. The default value is 4000 Hz. 

6.2.4.2 Scalability 

The AudioSignaLure description scheme instantiates the AudioSpectrumFlatness 
LLDs in such a way tha t an interoperable hierarchy of scalable audio signatures 
can be established with regard to the following parameters: 

• Temporal scope of the audio signatures. 
• Temporal resolution of the audio signatures. 
• Spectral coverage/handwidth of the audio signatures. 

The temporal scope of the audio signatures represents a first degree of freedom 
and relates to the start position and the length of the audio item for which the 
feature extraction is carried out. The signal segment used for signature generation 
can he chosen free ly and depends on the type of application envisaged. 

The temporal resolution of the f ingerprint is an important parameter which 
can be used to control the trade-off between fingerprint compactness and its 
descriptive power (i.e. its ability to discriminate between many different audio 
signals). This temporal scalability is obtained by using the mean and variance of 
the LLD values, as provided by the generic SeriesO.fVectorBinary construct, with 
selectahle degrees of decimation, and thus temporal resolution. Consequently, 
signatures may be rescaled (scaled down) in their temporal resolution according 
to the standard SeriesOJVectorBinary scaling procedures as desired, e.g. in order 
to achieve a compatihle temporal resolution hetween two signatures. 

A second dimension of AudioSignature scalability resides in its spectral cov­
erage/bandwidth. The AudioSpectr.umFlatness descriptor provides a vector of 
feature values, each value corresponding to a specific quart.er-octave frequency 
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band. The number of frequency bands above a fixed base frequency (250 Hz) can 
be selected as a further parameter of scalability. While signatures may provide 
different numbers of freq uency bands, a meaningful comparison between them 
is always possible for the bands common to the compared signatures, since these 
relate to common fixed band definitions. 

6.2.4.3 Use in Fingerprinting Applications 

The main application for the AudioSignalure description scheme is the automatic 
identification of an unknown piece of audio based on a database of registered 
audio items. J\n AudioSignature is extracted from the item to be identified 
and then matched to all previously registered AudioSignature descriptions in a 
database. The best-matching reference AudioSignature description is the most 
likely candidate to correspond to the unknown signal. 

ln a wider sense, the AudioSignature structure may be used to identify corre­
spondi ng MPEG-7 descriptions for audio items which are deli vered without any 
other descriptive data. To this end, the MPEG-7 descriptions available at some 
server have to include an AudioSignature description of each described item. 

An example of an MPEG -7-based audio identification system is depicted in 
Figure 6.3 (Herre et al., 2002). It consists mainly of the two basic extraction and 
identification modes of operation already introduced in Figure 6. 1. 

The first steps in the signal processing chain are the same for training and 
classification: the audio signal is converted to a standard fonnat (e.g. monophonic 
PCM) at the pre-processing stage of the feature extractor. This stage is followed 
by the extraction of the AudioSpectrumFlatness LLD featu res. 

A feature processor is then used to decrease the description size by means 
of statistical data summarization. In the MPEG-7 framework, this is done by 
applying the appropriate rescaling operation to the MPEG-7 ScalableSeries of 
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Figure 6.3 MPEG-7 standard audio idenlification system (Herre el al., 2002) 
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vectors containing the AudioSpectrumFlatness features. The final result is an 
MPEG-7 AudioSignature description tlhat can be interpreted as a fingerprint of 
the original piece of audio. 

Based on this representation, maLching between fingerprints can be clone in 
numerous different ways. Since the choice of the matching approach or distance 
metric does not affect the interoperability of different applications using such a 
fingerprint, this choice is beyond the scope of the MPEG-7 standardiza tion and 
left up to the individual application. 

(Herre et al., 2002) proposes a simple matching of MPEG-7 AudioSignature 
descriptions that is performed based on a vector quantization (YQ) and nearest­
neighbour approach. During the training phase, the class generator in Figure 6.3 
performs clustering (e.g. LBG vector quantization (Linde et al., 1980)) using a 
set of training items. T he resulting reference codebooks are then stored in the 
system's class database. During the classification phase, the signal at the output 
of the feature processor is compared by the classifier with the codebooks stored 
in the reference database. The item with the shortest distance (matching error) is 
presented at the system's output as a resul t. More sophisticated techniques can 
be used in the MPEG-7 AudioSignature framework to increase both matching 
robustness and speed. 

As mentioned above, the scalability of the MPEG-7-based fingerprinting 
framework comes from the ability to vary some extraction parameters, such as 
temporal scope, temporal resolution and number of spectral bands. In this way, a 
flex ible trade-off between the compactness of the fingerprint and its recognition 
robustness can be achieved. 

From an application point of view, this is a powerful concept which helps 
satisfy the need for a wide range of applications by a single framework. More 
importantly, the fingerprint representation still maintains interoperability so that 
fingerprints extracted for one application can still he compared with a fingerprint 
database set up for a different purpose. 

The specification for the AudioSignature extraction method guarantees 
worldwide compatibility between all standards-compliant applications. Numer­
ous different applications, such as broadcast monitoring, Internet services or 
mobile audio identification services using cellular phones, are currently under 
development. 

6.3 AUDIO SIGNAL QUALITY 

The description of the "objective" or "subjective" quality of an audio signal is of 
great interest for many applications. In the following we describe the MPEG-7 
tools developed for this purpose. 

The MPEG-7 AudioSignalQuality descriptor contains several featmes reflect­
ing the quality of a signal stored in an AudioSegment descriptor. The 
A.udioSignalQuality features are often extracted without any perceptual or 
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psycho-acous tical considerations and may not describe the subjective sound 
quality of audio s ignals. 

The quality information enclosed in AudioSigna[Quality descriptions cou ld be 
used, for example, to select the files that should be downloaded among a list of 
audio documents retrieved on the Internet. More generally, this information helps 
to decide if a file is of sufficient quality lo be used fo r a particular purpose. The 
AudioSigna/Quality can also be used to guide the retrieval of audio documents 
in a database, based on the quality information. 

6.3.1 AudioSigna/Qua/ity Description Scheme 

The AudioSignalQuality description scheme is a set of descriptors that have 
been designed to handle and describe audio signal quality infonnation. in par­
ticular the handling of single error events in audio streams is considered. An 
AudioSignalQuality description scheme comprises the following attributes: 

• Operator: designates the person who is responsible for the audio quality 
infonnation. 

• UsedTool: designates the system that was used by the Operator lo create the 
quality information. UseclTool is stored in a CreationTool descriptor. 

• BroadcastReady: describes whether or not the sound material is ready for 
broadcasting. BroadcasrReady is a Boolean parameter (false or true). 

• IsOriginalMono: describes if a signal was originally mono if it presently has 
more than one channel. TsOriginalMono is a Boolean parameter (false or true). 

• BackvoundNoiseLevel: contains the estimations of the noise levels in the 
different channels of a stereo signal. 

• CrossChannelCorrelation: describes the correlations between the channels of 
a stereo signal. 

• RelativeDelay: describes the relative delays between the channels of a stereo 
signal. 

• Balance: describes the relative level between the channels of a stereo signal. 
• DcOffset: describes the mean relative to the maximum of each channel of a 

stereo signal. 
• Bandwidth: describes the upper limit of the signal's bandwidth for each 

channel. 
• TransmissionTechnology: describes the technology with which the audio file 

was transmitted or recorded using a predefined set of categories. 
• ErrorEventlist: contains different ErrorEvent descriptors. An ErrorEvent 

describes the event time of a specified error type in the signal. The type of 
error is labelled according lo a predefined set of categories. 

These quality attributes are detailed in the following sections. 
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6.3.2 BroadcasfReady 

BroadcastReady indicates if the sound material is ready for broadcasting (value 
set to "true") or not (value set to "false"). Its value should generally result 
from the subjective evaluation of an operator, according to the context of the 
application. For example, the quality of a piece of audio may be quite bad, but it 
may be ready for broadcasting (e.g. a historical piece of audio, or a news report 
recorded in adverse ,conditions). 

6.3.3 lsOriginaJMono 

lsOriginalMono describes whether or not a stereo signal (with Ncn channels) 
was originally recorded as a mono signal. The extraction of the JsOriginalMono 
descriptor is not non11ative. The standard recommends a method based on the 
calculation of normaJized cross-correlations between the N01 channels. If any of 
the derived coefficients is greater than a threshold reflecting correlation between 
the channels, JsOriginatMono is set to "true". Otherwise it is set to "false". 

6.3.4 BackgroundNoiselevel 

The BackgroundNoiselevel attribute indicates the noise level within an 
AudioSegment. A noise-level feature is computed separately in each channel of 
the signal. These vallues, expressed in dB, are in the range [- oo, 0). The extrac­
tion of the BackgroundNoiseLevel for an NCH -channel signal is not standardized. 
A simple method consists of the following steps: 

I. The absolute maximum amplitude AdBmax(i) is computed in dB, for each 
channel i(l ~ i ~ NCH), as: 

AdBurax(i) = 20 log 10 ( m,~x ls;(n)I) (1 ~ i ~ Nrn), (6. 1) 

where S;(n) represents the digital signal in the ith channel. 
2. The signal is divided into blocks (5 ms long, typically), in which the mean 

power is estimated as: 

} j,lr l 

P;(j) = L L s; (n) (1 ~ j ~ numbe.r of blocks), 
R 11- (j 1)1.8 

(6.2) 

where j is the block index, Ln is the length of a block (in number of samples), 
and P;(j) is the mean power of the jth block in the itlh channel signal s; (n). 
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3. Then, the minimum block power of each channel is computed in dB: 

4. Finally, the BackgroundNoiseLevel feature of the ith channel is defined by 
the difference: 

BNL(i) = Pdn111; 11 (i) - At/RmaAi) (I ~ i ~ Nrn), (6.4) 

The noise level features sholllld be normalized in each channel by the maximum 
amplitude of the signal, in order to make the descriptor independent of the 
recording level. Pinally, the extraction process yields values, which arc stored 
in a vector, as a summary of the noise level in one AudioSegment. 

6.3.5 CrossChanne/Correlation 

The CrossChanne/.Correlation attribute describes the correlation between the 
channels of a signal stored in an AudioSegment. It is a measurement of the 
relationship between the first channel and the Nrn - 1 other channels of a 
multi-channel signal, independently of their levels. The extraction of the Cross­
ChannelCorrelation features from an Nc11 -channel signal is not standardized. 
A possible method consists of the following steps: 

1. Each channel is normalized to its maximum value. 
2. The cross-correlations r.,.,; between the first channel and the NcH - I other 

channels (2 ~ i ~ Nrn) are estimated. 
3. Each correlation f, 1.,; is normalized by the geometric mean of the first chan­

nel's autocorrelation r,1, , 1 and the ith channel's autocorrelation r ,;,,;• 
4. Finally, the (i - l)th CrossChannelCorrelation feature is defined as the mid­

dle coefficient of the ith channel's normalized cross correlation: 

C''or(; - 1) -- r,, .• , (O) (2 ) • ~i~Nc,., . 
jr,, .s, (O)f,,.,, (0) 

(6.5) 

This procedure yields a vector of NcH - 1 CrossChannelCorrelation features 
Cor(i)(l ~ i ~ NcH - 1), used to describe the audio segment. Each CrossChan­
nelCorrelation feature Cor ranges between -1 and + l: 

• Cor = +I: the channels arc completely correlated. 
• Cor = 0: the channels are 111ncorrelated. 
• Cor = - I: the channels are out of phase. 
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In the case of two sine signals (NcH = 2), the CrossChannelCorrelation is defined 
by a unique feature Cor = cos(cp), where cp is the phase shift between the two 
channels. 

6.3.6 RelaffveDelay 

The RelativeDelay attribute describes the relative delays between two or more 
channels of a stereo signal. The delay values are expressed in milliseconds. They 
are restricted to the range [- 0.5 ms, +0.5 ms], in order to prevent ambiguity 
with pitch or other correlations in the signal. The extraction of the RelativeDelay 
features from an NCH -channel signal is not standardized. A possible method 
consists of the following steps: 

I. An unscaled cross-correlation function UCC, ,.,; between the first channel and 
each of the NcH - 1 other channels is estimated as: 

I lsI:-
1 
s

1 
(n)s;(n + m) 

ucc.,,,,/m) = 11-0 

ucc,,,s, (- m) 

(m::'.: 0) 

(m <0) 

(6.6) 

where Ls is the length of the input signal in number of samples. The UCC, 1. ,; 
cross-correlation functions have 2Ls - 1 coefficients. 

2. The extraction system searches the position m1110x(i) of the maximum of 
UCC, 1.,; in a search region corresponding to ±0.5 ms (defined according to 
the sampling frequency). 

3. The (i - l) th RelativeDelay feature is then estimated for the ith channel by 
taking the difference between the position of the maximum m = m,,,

0
x(i ) and 

the position of the middle coefficient m = 0. This time interval is converted 
to ms: 

l'>D(i' - 1) -- mmax(i) (2 . N ) ' :S l '.S CH • 
Fs 

(6.7) 

where F, is the sample rate of the input signal. 

This procedure yields a vector of Nm - 1 RelativeDelay features RD(i) ( l :Si :S 
NcH - I) for the whole audio segment. For a mono signal, a single RelativeDelay 
value is set to 0. 

6.3.7 Balance 

The Balance attribute describes the relative level between two or more chan­
nels of an A.udioSegment. The Balance features are expressed in dB within a 
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[ - 100 dB, 100 dB] range. The extraction of the Balance features from an NCH _ 
channel signal is not standardized. A possible method consists of the following 
steps: 

l. The mean power is calculated in each channel as: 

1 L s- I 

P; = L L s;(n) (1 :S i S NCH), 
S n= O 

where l s is the length of the input signal. 

(6.8) 

2. The (i - l)th Balance feature is defined by the ratio (in dB) between the first 
channel's power and the ith channel's power: 

Bal(i- 1) = 10 1og 10 (:: ) (6.9) 

The extraction procedure yields a vector of NcH - 1 Balance features 
Bal(i)(l Si S Ncfl - 1) for the whole audio segment. For a mono signal, 
a single Balance value is set to 0. 

6.3.8 DcOffset 

The DcOffset attribute describes the mean relative to the maximum of each 
channel of an AudioSegment. As audio signals should have a zero mean, a DC 
offset may indicate a bad analogue-digital conversion . The DcOffset features 
take their values in the [-1 , I] range. The extraction of the DcO.[fset features 
from an NCH-channel signal is not standardized. A possible method consists of 
the following steps: 

1. The mean amplitude is first calculated within each channel: 

I 1., - 1 

si=z: Ls;(n) (l:SiSNCH), 
S n=O 

(6.10) 

where l s is the length of the input signal. 
2. The DcOffset features are obtained by nonnalizing these values by the maxi­

mum of the absolute magnitude value in each channel: 

DC(i) = S; (1 :Si S NCH). 
max,, ls;(n)I 

(6.11) 

The extraction procedure yields a vector of NcH DcOffset features DC(i) 
( l :S i :S NCH) for the whole audio segment. 
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6.3. 9 Bandwidth 

Bandwidth describes the upper limit of the signal's bandwidth for each channel. 
The Bandwidth features arc expressed in Hz, and take their values within the 
range [O Hz, F,/2], where F, is the sample rate of the input signal. These features 
give an estimation of the original signal bandwidth in each channel. This gives 
an indication of the technical quality of the original recording. 

To extract the Bandwidth description from an Neu-channel signal, the follow­
ing method is proposed. First, the local power spectra of the signal are calculated 
from successive overlapping frames (e.g. 30 ms frames starting every 10 ms) 
within each channel. A maximum filter is then used over the local spectra to get 
a maximum power spectrum MPS;(k) for each channel. A logarithmic maximum 
power spectrum (LMPS) is defined in each channel as: 

LMPS;(k) = 10 logJO(MPS;(k)) ( I S i S NCH) - (6. 12) 

A boundary is used to find the edge of the bandwidth of the LMPS of each chan­
nel. The maximum value LMP,,,ax and minimum value LMP,,,;,, of each LMPS 
are calculated. The boundary LMPbo,rnd for the upper limit of the bandwidth 
is set to 70% of (LMPmn., - LMP,,,;,, ) below LMP,,,n., · The upper edge of the 
bandwidth is the frequency BW above which the power spectrum falls below 
LMPh

0
,,,,d· The extraction procedure yields a vector of NcH Bandwidth features 

BW(i) ( l Si S NC/1) for the whole audio segment. 

6.3. l O Transmission Technology 

The TransmissionTechnology attribute describes the technology in which the 
audio file was transmitted or recorded. The description uses a predefined set of 
categories describing different possible transmission and recording technologies. 

The extraction of TransrnissionTechnology has to be made manually by a 
human operator. The sound can be labelled with 10 categories defined by the 
standard. The operator has to be familiar with the different transmission or 
recording technologies in order to choose a proper category. Some categories may 
pack different types of signals together, which share similar acoustic qualities. 
For instance, the Category 6, as defined by the standard, stands for two distinct 
types of bad-quality recordings: speech over telephones with a (50 Hz- 8 kHz] 
bandwidlth and vinyl before 1960. 

6.3.11 ErrorEvent and ErrorEventList 

The ErrorEventList description contains a list of ErrorEvent descriptors. An 
ErrorEvent descriptor is used to describe a type of error occurring in the input 
audio signal. It consists of the following attributes: 
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• ErrorClass: describes the error type using a predefined set of categories. 
The standard defines 12 error categories: Click (a high-frequency burst of 
short duration), ClickSegment (a segment containing many clicks), DropOut 
(absence of high frequencies for a short period), Pop (a low-frequency burst), 
DigitalClip (distortion occurring when a digital signal is clipped), AnalogClip 
(distortion occurring when an analogue signal is clipped), SampleHold (click 
at start and end, short muting of signal), BlockRepeating (repetition of a short 
block), Jitter (single sample click), MissingBlock (click at the transition caused 
by missing blocks), DigitalZero (click at the transition caused by zero-valued 
samples) and Other (any other error). 

• ChannelNo: specifies the channel in which the error occurs. 
• TimeStamp: specifies the temporal location of the error. 
• Relevance: is the degree of relevance of the error. The possible integer values 

range from O (relevance not specified) to 7 (high relevance). An error with low 
relevance (e.g. Relevance= 1) is hardly audible. An error with high relevance 
( e.g. Relevance= 7) is very disturbing. 

• DetectionProcess: describes the process of detection: Manual or Automatic. 
• Status: describes the current status of the error. This label is set automatically 

or by a listener. Five labels are possible: Undefined (default), checked (the 
error has been checked), needs restoration (the error needs to be restored), 
restored (the error has been restored) and deleted (the detected error was a 
fa lse alarm). 

• Comment: contains any comment about the detected error. 

The ErrorEvent is used to describe typical errors that occur in audio data, in 
particular those resulting from an analogue- digital conversion. The ErrorClass 
category may be set manually by a human listener, or automatically extracted 
from the input signal, fo r instance through a click detection algorithm. A given 
audio segment can be indexed with different ErrorEvenL descriptors due to the 
ErrorEventList attribute. 
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