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ABSTRACT

Search by similarity in sound effects is needed for musi-
cal authoring and search by content (MPEG-7) applications.
Sounds such as outdoor ambience, machine noises, speech
or musical excerpts as well as many other man made sound
effects (so called ”Folley sounds”) are complex signals that
have a well perceived acoustic characteristic of some ran-
dom nature. In many cases, these signals can not be suf-
ficiently represented based on second order statistics only
and require higher order statistics for their characterization.
Several methods for statistical modeling of such sounds were
proposed in the literature: non-gausian linear and non-linear
source-filter models using HOS, optimal basis / sparse geo-
metrical representations using ICA and methods that com-
bine ICA-based features with temporal modeling (HMM).
In this paper we review several such approaches and evalu-
ate them in the context of multimedia sound retrieval.

1. INTRODUCTION

The need for finding similarity between sounds appears in
diverse applications, such as acoustic monitoring, medical
diagnosis, analysis of animal vocalizations and multimedia
content description [1],[2],[3]. Audio content in multimedia
is broadly divided, according to tradition of post-production
practice, into categories of speech, music and Foley sounds
(sound effects). Huge body of literature exists on the topic
of speech analysis, the main problems being speaker identi-
fication, language recognition and speech transcription [4].
These methods usually rely on a set of well established fea-
tures that are appropriate for speech modeling, such as cep-
stral coefficients and cepstral derivatives. The modeling of a
single source (such as a specific speaker) is usually achieved
using parametric modeling of the distribution of these fea-
tures, such as using Gaussian Mixtures (GMM) [5].

Music identification task concerns finding similarity be-
tween musical pieces based on mutliple features, such as
pitch [6], beat [7] and multiple features derived from tim-

bre (sound color) analysis [8]. The many applications of
music similarity include genre classification, query by ex-
ample and music thumbnailing. The problem of discrimina-
tion between speech, music and sound effects, are consid-
ered in [9],[10]. The authors used Gaussian Mixture Model
(GMM) and Hidden Markov Model (HMM) to estimate a
statistical model of the signal spectrum distribution.

Sounds that have received the least attention among the
three categories are the sound effects. One of the reasons for
that might be the lack of a clear definition of the sound ef-
fects category, which might include diverse sounds ranging
from simple colored noise to most complex acoustic sce-
narios. This situation makes it difficult to design a-priori,
knowledge based features that are derived from some phys-
ical motivation about the nature of the sound and requires to
consider more generic statistical data-based modeling ap-
proaches. Moreover, this situation does not allow to define
one set of acoustic features that would fit all cases. Addi-
tional difficulty is in the lack of clear signal-related taxon-
omy for performing the classification or construction of sta-
tistical models. Sound categories are usually derived based
on the context or a broad definition of the sound source
rather then its signal properties. For instance the category
of car sounds may include different engine noises, ignition
sounds, breaks, door slam or car crash, which have no evi-
dent signal similarity.

In this paper we will review several method for classi-
fication of sound effects that employ higher order statistics
or spectra (HOS) [11] and independent components analy-
sis (ICA) [12], for finding similarity between the sounds.
We broadly distinguish between two types of methods. The
first assumes non-gausian linear and non-linear source-filter
models for the signal and use HOS for measuring similar-
ity between the signal. A second type of methods searches
for optimal basis / sparse geometrical representations of the
amplitude spectrum using ICA for each sound class. This
approach represents the sound as a combination of a small
set of independent spectral components. Classification is



achieved by evaluating the likelihood of a new sound among
a set of trained models. Two approaches for likelihood es-
timation will be described in the paper. First, the likelihood
is maximized by searching for a model that gives minimal
mutual information among ICA coefficients of ICA mod-
els of the different classes. These results are compared to
another ICA-based method that employs temporal model-
ing of the coefficient distribution by means Hidden Markov
Model (HMM). The trained HMM’s for each class are then
used for classification of ICA coefficients.

The applications to be considered are search by similar-
ity / query from example and sound classification given a
taxonomy or a labeled training database that is partitioned
into similarity classes.

2. HIGHER ORDER STATISTICAL FEATURES

When signals have Gaussian density distributions, we can
describe them thoroughly with second order measures like
the autocorrelation function or the spectrum. In the case of
noisy signals such as engine noises of sound effects, the sec-
ond order statistics are not sufficient for a good signal char-
acterization and matching. Assuming a source-filter model,
non-Gaussian statistics in the signal may appear if

� A linear system is excited by a non-Gaussian source
signal.

� The system itself is non-Linear. I n such a case cou-
plings may occur between signal components at dif-
ferent frequencies.

Using, for instance, the bicoherence statistic, the first case is
characterized by constant non-zero bicoherence, while the
second case has varying shape of bicoherence, with peaks
corresponding to coupled bi-frequencies.

Using HOS statistics as features for signal classification,
several authors suggested to match image textures [13] and
audio textures [14] by matching higher order cumulants or
polyspectra. In this approach, the higher order statistics are
measured directly from the signal and are used as a feature
for matching or classification instead of spectral features.
Direct matching using polyspectral features also captures
differences due to non-linear characteristics of the signal.

2.1. Higher Order Spectral Distance Measure

One can see that the bispectral amplitudes of the signals dif-
fer significantly. In order to perform signal recognition one
needs a new measure for capturing the similarity/differences
between the HOS properties of the various signals. We
develop a higher order statistical distance measure, which
comes in time-domain or spectral flavors: Lets us denote
by �������� ��� ���� ����� a higher order statistics vector that

contains �-th order cumulant lags of signal �. The proba-
bility density of the estimates is known to be approximately
normal around the true cumulant value. This allows one to
compute the conditional probability of statistics of � given
the cumulants of another signal �
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where 	 is the length of the signal and � the maximal lag
for which the higher order statistics are estimated. This al-
lows us to write the cross-entropy between the two signals
����� � �

�
�� � ���

��
��
��� , where we use the estimates in

place of the true statistics. In frequency domain it can be
shown that an equivalent objective becomes
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with ��
� being �-th order polyspectra of signal �, estimated

over non-redundant poly-frequency region
 � and �� a con-
stant that depends on the windowing method. Note that ����
is decorrelated by a filter that matches the spectrum of ����,
i.e. matches ��. This higher order statistical distance mea-
sure is a Kullback-Leibler (KL) divergence between proba-
bility distributions of the higher order statistics (HOS) vec-
tors of the signals in channels � and �1.

3. EMBEDDED REPRESENTATION AND
INDEPENDENT COMPONENTS

Another approach considers a geometrical embedding of the
signal in a transformed space. Assuming that the signal
is represented as a sequence of independent linear combi-
nations of � dimensional basis vectors, decomposition of
the signal into ”channels” or ”expansion coefficients” of the
transformed space is performed. This approach is common
to many signal compression schemes such as transform or
sub-band coding. Given a multi-variate distribution of vec-
tors �� � ���� ��� ���� �� , we want to find a matrix� and
vector �� � ���� ��� ���� �� so that the components of the
vector are ”as independent as possible”. In other words, it is
assumed that exists a multivariate process with independent

1It is important to note that this not KL distance between the signals
��� �� themselves but rather between their HOS statistics ��� ��.



components �� and a matrix � � � ��, so that �� � ���.
The representation can be obtained by applying ICA to one-
dimensional time signal that is embedded in �-dimensional
blocks.

In order to obtain an initial sparse representation we
transform the signal vectors into a frequency domain. A ma-
jor departure from the signal based methods is that we are
considering the magnitude spectrum, rather then the com-
plex spectrum. This second step discards redundancies in
the signal due to possible time shifts. Same invariance can
be obtained by using a filter-bank instead of a simple FFT
and taking one of the two quadrature components of every
filter in the filter-bank. We shall denote the magnitude spec-
trum vector by � . For each sound we obtain a sequence of
such vectors over time2.

A third step that is employed before ICA modeling is a
data reduction step. We do it by reducing the dimension of
the row space of�� by using the singular value decompo-
sition (SVD) method. �� can be decomposed to :

�
� � ���� (4)

where U is an � �� matrix and V is an � � � matrix and
S is a diagonal matrix which contains the singular values
of ��. In our scheme, � stands for the number of time
observations and � � ��� is the number of FFT bins. To
reduce the dimension of the row space of �� to a lower
dimension �, we project �� on the first � column vectors
of�

�
� � ��

�� (5)

where�� is a matrix which contains the first � column vec-
tors from �. A reduced dimension � � �� was chosen in
our experiments.

3.1. ICA features for Sound Representation

Bell & Sejnowski in [15] apply ICA for feature extraction
for natural audio signals. They seek for basis sound wave-
forms, which can be thought of basis functions for natu-
ral sounds. Short sound segments of this sound clip (about
20ms each) were taken and organized in the columns of the
observation matrix. Then ICA analysis was done on the ob-
servation matrix to extract the basis functions and the statis-
tically independent weights on these basis functions, which
together comprise the sound clip segments. The superior
behavior of ICA over second order methods such as PCA
can be explained by the fact that second order methods re-
flect only the amplitude spectrum of a signal and ignore the
phase spectrum. The local features of a signal are reflected
in the phase spectrum, thus second order statistics methods

2This is equivalent to a spectrogram or magnitude of short-time Fourier
transform (STFT) representation of the signal.

cannot reveal this information. On the other hand the ICA
algorithm depends not only on the second order statistics of
the signal but also on higher order statistics. This reflects
not only the spectrum of the signal but also the phase in-
formation. Thus, ICA method extracts local features in the
signal, which are not detected by second order tools.

Casey in [16] uses different architecture to extract fea-
tures from sound files. Unlike the signal decomposition
used by Bell & Sejnowski, the decomposition of the sound
according to Casey should not be done on the signal wave-
form. The signal is first transformed to the spectro-temporal
domain using Short Time Fourier transform (STFT). This is
justified by the fact that most of the salient information in
audio signals exists in the short-time spectro-temporal do-
main. The ICA decomposition is done only on the mag-
nitude part of the frequency domain representation and the
phase information is omitted.

3.2. Naive Bayesian Classifiers

Once the probabilities for the classes and the conditional
probabilities for a given feature and a given class are esti-
mated, this information can be used to classify each new in-
stance. Usually the estimation is based on the frequency of
occurrence of the features and classes over the training data,
simply by counting the frequency of various data combina-
tions within the training examples. This type of classifier
is called nave because it assumes independency of the fea-
tures. This technique has been used for classification of 30
short sounds of oboe and sax using 18 Mel-Cepstrum Co-
efficients, with an accuracy rate of 85% [17]. After cluster-
ing the feature vectors with a K-means algorithm, a Gaus-
sian mixture model was used to estimate a parametric rep-
resentation of the probabilities for a Bayessian classifier. A
more complex approach that combines temporal (transition)
statistics with ICA feature extraction is presented in [18].
The algorithm tries to classify between	 classes of sounds.
For each class a separate HMM is trained on samples from
that class. After the training step, the algorithm is given a
sound sample which wasn’t in the training set and it esti-
mates which HMM model is the most likely model which
generated this sound sample.

Next we consider a new classifier that departs from the
independence assumption and uses the relation between fea-
ture mutual-information and the data likelihood in ICA con-
text. This is compared to HMM based classifier.

4. CLASSIFICATION BY LEAST CROSS-FEATURE
MUTUAL INFORMATION OF ICA FEATURES

Assuming that the sound can be successfully modeled as a
combination of independent spectral vectors, a know simple
relation exists between the likelihood of the data and the



mutual information between the independent components.
Let us denote by � ���� � the hypothesized distribution of
the data given a model� . We assume that the data vector �
is modeled by a linear combination with weights � of basis
vectors��. Written in matrix form, � � �� (and the inverse
relation will be denoted as � ���). In the assumed model,
the mean log-likelihood of the data can be approximately
written as

���� � �
�
 ����� �����
������ � (6)

The relation between the ”true” entropy of the signal and
the coefficents � is

 ��� �  ��� 	 �����
����� � (7)

Combining the two equations we get

����	 ��� � �
�
 ���� 	 ��� (8)

which allows us to write the log-likelihhod as a function of
the mutual information between the ICA coefficients

���� � �!���� ��� � (9)

Since ��� is independent of the model�, we can com-
pare the likelihoods between different models by comparing
!���. The most likely model will be the one with least mu-
tual information between the coefficients !���.

Since in practice we can not measure mutual informa-
tion between multiple variables (this requires construction
of a high-dimensional histograms which is impractical with
limited data) we used a sum of pairwise mutual informa-
tions

�
!���� ��� as our likelihood measure. This provides

higher limit to the true !���.
Our training and classification procedure can be sum-

marized as follows:

� For each set of sounds in the training set, construct a
short time magnitude spectrum matrix.

� After doing a dimension reduction of the spectrum
matrix to a feasible size (in our case 10 vectors), sub-
ject the data to an ICA analysis. This resulting whithen-
ing matrix� (the inverse of the ICA basis) will serve
as the model for the class.

� Given a test example, get the independent compo-
nents for each class in consideration. This is achieved
by simply multiplication of the test data with the saved
matrices� in each class.

� Test the resulting coefficients � for independence by
calculation of all pairs of !���� ��� for each class. De-
cide that the class with highest likelihood is the one
with the least mutual information between the coeffi-
cients

5. EXPERIMENTAL RESULTS

Two sets of experiments were conducted to test the HOS and
ICA retrieval procedures: Query by Example and Sound
Classification into a predetermined taxonomy of sound classes.

5.1. Query by similarity

Query by similarity was performed using HOS distance mea-
sure. Our implementation of the polyspectral matching is
based on the equivalence between polyspectrum of decor-
related signal � and a “spectrally normalized” version of
polyspectra 3 of the original signal � (Eq. 3).

In order to avoid the need for long averaging to get reli-
able estimate of polyspectral features we used a �-th power
matched filter procedure, briefly described below, that pro-
vides an upper limit to the polyspectral matching function.
It is shown in [14] that
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The database contained� ��� files from different sound
effects (SFX) classes, several machine noises [19], and other
collections of sounds (e.g. phone, car crash, glass break).
The decorrelation was done using LPC spectral estimation.
We computed LPC whitening parameters (over 2 sec.) for
each class using the first file in the class and saved it in
different directory. When a new signal � is to be queried,
we go over all the signals � in the SFX database, for � we
taking the appropriate class LPC parameters (according to
the SFX name) and decorrelating with it both the sound to
be matched � and the queried sound �. We then measure
���� �� using the �-th power matched filter equation. The
matching is done over each segment in the tested file to all
segments in the matched file.

The results of query by example are summarized in the
following graph which depicts the percentage of relevant
sound files that were returned out of all sounds returned by
the query. It can be seen that babble, factory and tank which
are all noises got the best retrieval rate, while retrieval preci-
sion of other sounds such as cat, human voice and car crash
was not so good.

5.2. Classification experiments

Classification experiments were done using ICA features
and the two methods for likelihood evaluation: the Least

3For the case of � � �, this decorrelated bispectrum measure is known
as bicoherence.
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Fig. 1. Query by Similarity results. The precision graph
depicts the percentage of relevant sounds out of all sounds
retrieved from the query.

Mutual Information (LMI) and HMM Training methods.
For every sound in each class we performed spectrogram
analysis with fft of 256. We computed ICA with data reduc-
tion to 10 components to get the appropriate� � matrix for
each class (" being the index of the class). In order to clas-
sify a new file we perform spectrogram analysis and then
calculate #� � ��� to get the estimated ICA coefficients
for candidate class ". In the LMI method we measure mu-
tual information between the columns of # � in each class
(10 vectors in each class) and choose the class with minimal
mutual information. The method for estimating pairwise
mutual information is based on non-parametric histrogram
estimation of the mutual pairwise distribution for each pair
of coefficients (row vectors) of #� [20]. In HMM method we
train a HMM for each class using standard HMM training
methods. Then the sequence of #� vectors (column vectors)
are given to the HMM in order to obtain the global likeli-
hood.

The database in the experiment contained 10 classes as
is showm in the table, with � ��� sounds. The instruments
sounds were recorded from commercial CD’s and each con-
tained approximately 10 seconds of playing. We used 70%
of the files for training and 30% for testing. All files are at
16Khz sampling rate.

The classification results are shown in the following ta-
bles. The LMI method yields good results for sounds such
as cheering which can be characterized as stationary sounds.
We also got good results when we used LMI method for
classifying the SPIB database (results are not shown here).
These sounds can be characterized by their texture which
remains the same along the sound. For non-stationary sig-
nals such as male and female voice the addition of a dy-
namic model yields better results. An interesting point is

HMM
#Files #Success #Fail Percentage

Violin 8 8 0 100%
Cello 11 11 0 100%
Guitar 7 0 7 0%
Piano 12 9 3 75%
Total 38 28 10 73%

Male 9 9 0 100%
Female 9 9 0 100%
Total 18 18 0 100%

Cheering 7 6 1 85%
Cat 2 0 2 0%
Glass Break 4 4 0 100%
Laughter 2 0 2 0%
Total 15 10 5 66%

Table 1. Classification results for ICA and dynamic model (HMM)

Mutual Information
#Files #Success #Fail Percentage

Violin 8 7 1 87%
Cello 11 9 2 81%
Guitar 7 7 0 100%
Piano 12 8 4 66%
Total 38 31 6 81%

Male 9 7 2 77%
Female 9 7 2 77%
Total 18 14 3 77%

Cheering 7 6 1 85%
Cat 2 1 1 50%
Glass Break 4 2 2 50%
Laughter 2 1 1 50%
Total 15 10 5 66%

Table 2. Classification results for ICA and Mutual Information Classifier

that the HMM classifier failed to classify all guitar sound
samples and it classified them to cello class. This might be
because the guitar and cello sound samples that we chose re-
sembled each other throughout the sound period. The LMI
method was able to achieve better classification results on
these classes.

6. CONCLUSIONS AND FUTURE RESEARCH

The main differences between the HOS and ICA approaches
are the complexity and time span of their underlying statis-
tical model: in ICA the localization property favors decom-
position into independent events that could be differently
recombined during the course of the sound , while source-
filter models try to capture the complete statistics in one
model, thus requiring stronger stationarity assumption. Our



experiments indicate that a very good matching can be ob-
tained for the case of stationary signals. In such a case HOS
distance can be applied for query and classification tasks. In
reality, most of the SFX’s used in multimedia applications
are non-stationary. When the signal is composed of sev-
eral sound events, this situation offers an advantage for ICA
methods that separately capture different component statis-
tics. The importance of this separation is supported by our
findings that classification can be based on testing the coeffi-
cients independence assumption (LMI classifier) rather then
explicit modeling and matching between the statistics of the
ICA coefficients of the test sound and the target classes, as
is done in the HMM-based classifier.

It is importance to note that the LMI method, as devel-
oped in this paper, assumes that an exact model� is avail-
able for the target sound classes. This allows to calculate
the data likelihood from the Mutual Information function
among coefficients only. When an error between the model
and the true distribution is included, and additional model-
ing error term should be included. In our case we believe
that at least part of the model errors was avoided due to the
PCA data reduction step (this would be true if the model
errors could be considered as some sort of additive noise).
Better model robustness and error resilience can be consid-
ered, using adaptive PCA thresholding or adaptive coeffi-
cient shrinkage methods. Additional issue to be considered
are faster classification and matching algorithm, including
efficient algorithms for Mutual Information and HOS dis-
tance measure calculation, fast search methdos and hierar-
chical representation for the sound class taxonomy.
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