Applied Soft Computing Journal 94 (2020) 106488

journal homepage: www.elsevier.com/locate/asoc

Contents lists available at ScienceDirect

Applied Soft Computing Journal

Neuro-genetic programming for multigenre classification of music N

content

Check for
updates

G. Campobello ¢, D. Dell’Aquila ¢, M. Russo ***, A. Segreto ¢

2 Dipartimento di Fisica e Astronomia, Universita degli Studi di Catania, 95125 Catania, Italy

b INFN-Sezione di Catania, Via Santa Sofia, 95125, Italy

¢ Dipartimento di Ingegneria, Universita degli Studi di Messina, 98166, Messina, Italy

d Ruder Boskovic Institute, Department of Experimental Physics, Bijenicka 54, Zagreb, HR-10000, Croatia

ARTICLE INFO ABSTRACT

Article history:

Received 14 January 2020

Received in revised form 23 April 2020
Accepted 13 June 2020

Available online 20 June 2020

A machine learning approach based on hybridization of genetic programming and neural networks
is used to derive mathematical models for music genre classification. We design three multi-label
classifiers with different trade-offs between complexity and accuracy, which are able to identify the
degree of belonging of music content to ten different music genres. Our approach is innovative as it
entirely relies on simple analytical functions and a reduced number of features. Resulting classifiers
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our approach, the accuracy of our models is found to be similar to that of more complex music genre
classification tools previously published in the literature.
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1. Introduction

Music genre recognition (MGR) tools, i.e. algorithms capable to
associate a music content to a certain or more musical genre(s),
are nowadays highly demanded by services providing access to
music collections and/or audio streaming. For example, most of
such services, like Spotify or iTunes, widely rely on the use of
music genre in order to organize and facilitate the search for
music content. However, despite of its broad use, music genre is
still an ill-defined concept. While the vast majority of music genre
classifiers developed to date have been focused on obtaining
high accuracy classification of each individual song into a single
(exclusive) genre [1-6], it has been proven as several genres
exhibit “fuzzy” boundaries [7]. Experimental results point out
that even human agreement regarding the belonging of music
content to a particular genre is less than 80% [8,9]. In addition
to these facts, there are many situations in which the classifica-
tion into more than one single genre is more appropriate for a
given song [10]. In this framework, to contribute to improve the
common agreement on the classification given by MGR tools, it is
of primary importance to develop new classifiers capable to serve
as multi-genres tools.
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Constructing a multi-label music genre classifier is anything
but an easy task. One of the major difficulties that one has to
face while developing a music multi-label classifier is that the
datasets commonly used to validate MGR algorithms are exclu-
sively single-genre oriented. This is the case, for instance, of the
GTZAN genre collection [11], the most used dataset for MGR [12].
GTZAN contains a collection of 1000 songs classified into ten
non-overlapping music genres. In a similar dataset, each song
is labeled according to the genre that best represents its music
content. This is only in the most favorable case the prevalent
genre, given that, as pointed out by the above arguments, it is
not always possible to define a unique predominant genre for a
given song. For the purpose of developing a multi-label classifier,
GTZAN, as any other single-label datasets, should be therefore
considered not fully accurate. When used to train a multi-genre
classifier, such inaccuracies clearly introduce a noticeable noise
in the learning set, negatively affecting the capabilities of the
resulting model to correctly classify music content. Despite these
aspects, we can state that the GTZAN dataset contains a signif-
icant and valuable informative content, at least in the presence
of a particularly dominant genre and when the tagged genre
matches with the predominant one. Recently, the GTZAN dataset
has been successfully exploited to develop a multi-genre classifier
called Deep Sound (DS) [13]. The DS tool, which combines Com-
putational Neural Networks (CNN) and Long Short-Term Memory


https://doi.org/10.1016/j.asoc.2020.106488
http://www.elsevier.com/locate/asoc
http://www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2020.106488&domain=pdf
mailto:marco.russo@ct.infn.it
https://doi.org/10.1016/j.asoc.2020.106488

2 G. Campobello, D. Dell’Aquila, M. Russo et al. / Applied Soft Computing Journal 94 (2020) 106488

(LSTM) Networks, has achieved a discrete level of accuracy relying
on a set of 518 audio features used as inputs.

In this paper, we develop a new generation approach for
multi-genre classification of music content able to evaluate the
degree of belonging of songs to ten music genres. We propose
three different models obtained by exploiting a novel distributed
software tool for non-linear regression called Brain Project (BP)
[14,15], a tool capable to derive formal modeling of data using
a hybridization of Genetic Programming (GP) [16] and Neural
Networks (NNs), running on any 64-bit Linux machine connected
to Internet via the TCP/IP protocol [17]. To train our models, we
used the GTZAN dataset. The novelty of our approach consists in
the construction of low complexity classifiers that are uniquely
based on analytical formulas and a strongly reduced number
of audio features. As an example, the simplest of our models
exploits only 32 features and has an accuracy similar to that of
other multi-genre classifiers published in the literature. Thanks
to the deriving lower computational complexity, our models are
highly feasible to be integrated in low-cost embedded systems for
real-time applications.

The paper is organized as follows, Section 2 describes the
problem of multi-genre classification and the details of our ap-
proach, Section 3 provides some information regarding the BP
and our error measurement, in Section 4 we discuss our pro-
posed multi-genre classifiers. Finally, in Section 5 we compare our
models with other MGR tools published in the literature, while
Section 6 summarizes our conclusions.

2. Multi-genre classification with single-genre oriented vali-
dation datasets: problems and approach

For simplicity, the automatic classification of music content
can be divided into two distinct processes:

1. Extraction of audio features: this phase consists in the ex-
traction of numerical music descriptors (also called feature
vectors) from raw music data. Frequency and time domain
parameters are often considered [18,19] but recently visual
and textual features have been also exploited [20].

2. Classification: this is the process responsible for the asso-
ciation of an individual to one or more categories, based
on the evaluation of its properties. In the case of MGR
algorithms, individuals are audio signals, categories are
music genres and properties are audio features [7].

More formally, given X the domain of feature vectors and Y the
one of labels characterizing music genres (e.g. Rock, Pop, etc.), a
multi-label classifier can be defined according to two functions:
f:XxY — fand h : X — 2Y. The function f(x, y) can be
regarded as the confidence of y € Y being the proper label for
x = {x;}. Naturally, f should return a larger output as the degree
of belonging of the input features x to y is larger. The function h is
instead used to predict the correct set of labels that are relevant
for x. This is usually expressed in terms of the function f and an
additional function thr : X — 9, typically referred as thresholding
function, in the following way: h(x) = {ylf(X,y) > thr(y),y €
Y}. The main problem in the case of multi-label classification
consists in the determination of the function f, and, eventually,
the function thr [21]. The latter is typically a rather difficult task.
For instance, in MGR applications, thresholds might not exist
at all and the thresholding process, i.e. the defuzzification, could
destroy or hide information. For this reason, in this work, we
concentrate our attention mainly on the function f, while the
search for optimal thr functions can be customized according to
the desired application.

The proposed classification system is based on a set of analyt-
ical functions {f; : X — N|1 < j < N}, which, given an input

feature vector x\) representing the ith song, provide the degree
of belonging of the song to each of N; genres, independently. We
consider N; = 10 music genres: blues, classical, country, disco,
hip-hop, jazz, metal, pop, reggae and rock. Hereafter, we indicate
such degrees of belonging with a vector ¢ = [cg'), e cgg],
where ¢’ = f(x0). It is important to stress that the independent
evaluation of the belonging to each of the N; genres is a crucial
aspect of our approach. Let us consider for example the case of
the song Barcelona, recorded by the operistic soprano Montserrat
Caballé and Freddie Mercury, front-man of the popular rock band
Queen. This song is a classical crossover where opera, pop and
rock genres are merged together [22]. It is clear as a proper classi-
fication of this song should result in a high degree of belonging to
at least three individual genres simultaneously. Additionally, one
can also state that an almost full degree of belonging of this song
with the rock genre should not exclude an equally large degree
of compatibility with, for instance, the classical genre.

The derivation of MGR functions relies on the use of a database
of music content for the so-called model training, i.e. a learning
phase where the algorithm extracts information from a series of
given examples. The classification approach used in this paper
falls in the field of supervised learning. Supervised approaches
consist in the training of a model against a number of input
feature vectors for which the output is known a priory. This is
typically the case for MGR tools, where one can exploit databases
of previously labeled music content to train the model. Model
training is probably the major challenge in the development of
multi-genre classifiers because music databases for MGR vali-
dation are labeled according to a single-genre philosophy. The
problem can be simplified in the following way. In a learning
database, each input feature vector, i.e. the ith music content to
classify, is associated to a certain genre with a boolean vector
¢®. In other words, for each training input, one has 10 available
information, one for each music genre considered in the analysis:
the belonging to a genre and the non-belonging to the rest 9
genres. This carries a significant informative content as soon as
the song represented by the training input is characterized by a
particular predominant genre. For those cases in which, as dis-
cussed in the above example, two or more labels are appropriate,
the corresponding information is imprecise for all the coefficients
cj(l) considered as zero and representing significant labels for the
given input.

From the above arguments, we can state that the informa-
tion contained in single-genre oriented databases is noisy with
regard to the validation of multi-label classifiers. The problem
of the derivation of a multi-label classifier corresponds therefore
to that of a supervised regression approach in the presence of
a noisy dataset. In this framework, overfitting can become an
extremely important problem [23]. This statement is better clar-
ified by the example described in Fig. 1, where we schematically
represent the modeling of a dataset in the presence of noise.
Let us assume that the data to model is generated according to
the exact model represented by the solid line in figure and by
adding an arbitrary noise (open symbols). The task of a modeler
will be the one of deriving a model that best approximates the
exact one, which is unknown to the modeler. To this end, we
have considered two different possible analytical models charac-
terized by different complexities: a high-complexity model and
a low-complexity one. The first is obtained by using a high-
order polynomial (40th-order in the example) while the latter is
represented by a low-order polynomial (namely 2nd-order). As
one can semi-quantitatively observe, it is clear that the higher-
complexity model better approximates the samples (dashed black
line), i.e. minimizes the discrepancies with the dataset, however,
the lower-complexity one (dot-dashed red line) is significantly
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Fig. 1. An example of overfitting. Open circles are the data samples to model,
generated according to the exact model represented by the solid line and by
adding a stochastic noise. The resulting noised dataset is modeled by using two
possible analytical models: a 2nd order polynomial function (dash-dotted red
line) and a 40th order polynomial function (dashed line). The higher degree of
complexity of the 40th order polynomial function results in the overfitting of
data, while the reduced complexity model is capable to extract the underlying
information being less affected by noise.

closer to the exact model. In other words, the reduced com-
plexity model was able to filter-out the noise and to extract the
useful underlying information from the training dataset even in
the presence of fluctuations. On the contrary, the higher-order
polynomial model has significantly better performances when
applied to the training dataset, at the cost of an obvious lack of
generality and a consequent undesired behavior when applied to
new data. More quantitatively, the overfitting problem is closely
related to the ratio of the quantitative of memory available to
the modeler and the number of data samples used to train the
model. Naturally, for a fixed complexity of the model, overfitting
becomes less severe as the size of the dataset increases.

The database used for the validation of our models is the
GTZAN music collection. It is important to stress that, because
of the relatively limited size of this dataset (only 1000 songs
are provided) and because of its intrinsic single-genre content,
in the present application it is crucial to opportunely limit the
complexity of the models in order to avoid overfitting and to
extract information useful to multi-label classification purposes.
Our reduced complexity models are derived by exploiting a series
of BP features.

3. The brain project

GP falls in the field of Evolutionary Computing (EC) [24].
Within this field, a particular line of research is the one of Sym-
bolic Regression (SR). SR is the process during which some data is
fitted by means of a suitable analytical formula. With this respect,
many novel approaches have shown that the evolutionary core of
GP is capable to solve extremely complex problems. Additionally,
some GP implementations are also capable to deal with the
so-called feature selection, i.e. the dimensionality reduction of
input variables. This aspect is particularly important when the
cardinality of data to fit is significant, as in the case of MGR (see
Section 4).

The Brain Project is a hybridization of GP and NNs. These two
aspects, hereafter indicated as BP-EC and BP-NN, cooperate with
the aim of deriving the proper analytical model g(x) to fit a set
of data {(x;,yi)] 1 < i < Np}. The BP-EC approach is part of a
line of GP research that foresees the evolution of tree structures

Fig. 2. Tree representation of the expression sin ((x + 2.0)1'2).

representing formal mathematical expressions. To this end, four
different steps are iterated:

1. Generate an initial population of random trees representing
possible solutions to the SR problem being studied;

2. Evaluate each possible solution and assign it a fitness value
faes

3. Create a new population of trees starting from the previous
population using some evolutionary operators, e.g. copy,
crossover, mutation, selection and heuristic operators;

4. Return to step two until the termination criterion is met.

In the end, the best individual, i.e. the tree with the maximum
value of fg, is designated as the output result.

The global search operated by BP-EC is extremely powerful
to identify a solution close to a global minimum of the fitness
function, but its convergence speed to the minimum itself is
usually low. BP-NN is therefore used as a hill-climbing operator.
It consists in a fast local search for the minimum of the fitness
by suitably varying the constants. Because this is a particularly
time consuming task, only when one individual is particularly
promising (i.e. close to a local minimum of the fitness) BP-NN is
invoked. In BP-NN, each expression is firstly transformed into a
multi-layer feed-forward neural network by replacing operators
in the original expression with specialized neurons, while all
constants are considered as weights of the NN. The mathematical
expression of the error gradient in the weight space is then calcu-
lated and an enhanced steepest descending technique is used to
update the weights. Separate learning rates for each weight are
dynamically modified during the training.

Currently, BP consists of some tens of thousands of C code
lines. It is composed of a set of highly optimized, object-oriented
modules for vector processing. Its internal data structures were
designed considering CPUs as Single-Instruction-Multiple-Data
processors. One of the most salient features of the BP is its
distributed implementation. Nevertheless the only requirement is
the TCP/IP protocol, i.e. neither Message Passing Interface (MPI)
nor Parallel Virtual Machine (PVM) nor any other overhead is
needed [25]. All that is required is simply a set of interconnected
commodity off-the-shelf computers with a 64-bit Linux operating
system.

BP organizes its data structures, representing formal expres-
sions, in tree-like structures. The complexity of a mathematical
expression is computed by simply counting the number of nodes.
An example is shown in Fig. 2 where the tree representation of
the expression sin ((x + 2.0)1-2) is reported. This expression, for
instance, comprises 6 nodes.
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3.1. The error measurement and fitness function

The fitness function f;; can be expressed in terms of two
factors, f, and f;, related, respectively, to the approximation er-
ror and the complexity of the mathematical expression, i.e. the
corresponding number of nodes. The desired maximum number
of nodes, nnax, can be specified in a configuration file of the BP,
so that the factor f, can be expressed as

_ NMmax — 1

fo= (1)

Nmax — 1
Note that values of f;, are lower than or equal to 1 and are negative
when n > npa. It is worth mentioning that other complexity
metrics can be used in BP. For instance, it is possible to assign
different costs to different operators.
The factor f, is defined as

_ emax —e

fe= (2)

€max

where e, is the maximum error specified in the configuration
file while the error e is evaluated according to [26] as

Np L wii Y5 —y‘.j. >
_ ) i Vi T Y
e =100 E E S (crj ) (3)

i=1 j=1 "

having yg. the desired output, i.e. yg. = 1 if the music content
i belongs to the genre j (yfj’. = 0, otherwise), yfj = gj(x;) the
jth calculated output corresponding to the ith pattern, L the
number of outputs/genres, N, the number of learning patterns,
wj; a weight factor that can be assigned to the jth output of the
ith pattern, S,, = Z:i"l Z}:l w; the sum of all weights, o; =

N,
ity iy —?
N;

the jth output weighted standard deviation, and

I g
P wiyd
W = %]” the jth output weighted mean. Note that weights

M i
make it ﬁzc)lsslfble that some data points and/or outputs contribute
more than others, i.e. we can use higher weights to state that
related outputs are more important than others. This feature can
be useful in the case of datasets with an unbalanced number of
songs or to emphasize the importance of true positive results.

The following expression for the total fit function fg is used
by BP:

_ feulfe) + afyu(fn)
L P (4)
- exp(fe(1 — u(fe)) + fu(1 — u(fi)))

where u(x) is the Heaviside step function and « is a coefficient
usually smaller than 1. The latter is an heuristic factor used to
control the relative importance of complexity and accuracy in the
formation of fg. In particular, a large o value would result in the
derivation of particularly simple but inaccurate solutions, while a
small « value would most likely result in the convergence of the
algorithm towards more accurate but more computationally com-
plex solutions. For the purpose of this work, we used « = 0.01.
The Heaviside step function is introduced in the above expression
to smooth the effects of solutions with a complexity greater
than nn, or with an error greater than en.y. The exponential
term exp(fe(1 — u(fe)) + fu(1 — u(fy))) is finally used to avoid
discontinuities in the derivatives of fs. with respect to f, and f;,
respectively at e = epax and 1 = Npyax.

In the configuration file it is also possible to set a target
eITOr, eurger. IN this case a target error is given, BP tries to obtain
the simplest solution with the desired error. This is obtained by

multiplying the above expression of fg by the factor exp( % ).

As a consequence f; further decreases for all solutions such that
€ > Ctarget-

Finally, the vast majority of parameters used in BP are self-
adaptive, as carefully described in the dedicated analysis of Ref.
[15].

4. Our new multi-genre classifier

This section describes the derivation of three distinct analyt-
ical multi-label MGR models obtained by exploiting the unique
features of the BP. The database used to validate the models,
i.e. the GTZAN music collection, is presented. We discuss the
audio features commonly used in MGR approaches and the pro-
posed feature reduction obtained through our model training pro-
cedure. Finally, we provide and discuss the derived mathematical
formulas for all the proposed classifiers.

4.1. The GTZAN dataset

Data used to derive and validate our models are extracted
from the GTZAN music collection [11]. This dataset, created by
Tzanetakis and Cook, is the first benchmark dataset made pub-
licly available for MGR. To date, it is the most used dataset for
MGR. The GTZAN music collection provides 1000 individual audio
tracks each 30 seconds long. Such audio content is subdivided
into 10 non-overlapping genres: Blues, Classical, Country, Disco,
Hip-Hop, Jazz, Metal, Pop, Reggae, Rock, each containing an equal
number of tracks. To account for possible mislabeled content, as
evidenced for example in Ref. [27], we developed a preliminary
classification model with the aim to identify and remove some
possible faults in the GTZAN dataset. Our filtering procedure is
described in Section 4.3.

4.2. Audio features

Features have been extracted from the raw data representing
the audio files using the Python library librosa [28]. In particu-
lar, we used the Bag-Of-Features (BOF) approach to model each
audio signal considering the long-term statistical distribution of
its short-time spectral features. This process can be described as
follows. In a first step, raw data have been divided into over-
lapped frames of 2048 samples each applying a Hanning window
of 512 samples. For each of the considered frames, the short
term features summarized in Table 1 have been evaluated. A
description of such quantities is provided, for example, in [29].
An overall number of 74 parameters has been evaluated for each
frame. The statistical distributions of extracted short term fea-
tures have been analyzed. In particular, with the aim of reducing
the number of parameters used for classification, we evaluated
for each parameter only 7 statistical values, i.e. Average (A),
Standard deviation (S), skeWness (W) and Kurtosis (K), together
with Lowest (L), Median (M) and Greatest (G) value. At the end
of this process, each audio file is thus represented with a feature
vector x composed by 74 x 7 = 518 real values.

Hereafter we refer to the these values using the notation
acronymX,, where acronym represents one of the acronyms re-
ported in Table 1, while X € {A,S,W,K, L, M, G} is a symbol
indicating the corresponding statistical value and n is an index
used to specify the short-term feature parameter. For instance,
with tonzKg we indicate the Kurtosis of the 6-th tonal centroid.
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Fig. 3. Music genre distribution for the preliminary learning set (left panel), the filtered learning set (middle panel) and the testing set (right panel). The x-axis
index represents the given genre in the following numerical order: blues, classical, country, disco, hip-hop, jazz, metal, pop, reggae, rock. Observed fluctuations in
the number of excerpts for each genre reflect the statistics of our random extraction procedure.

Table 1

List of short-term spectral features evaluated from the extracted frames. The
reader can refer for example to Ref. [29] for a short description of these
quantities. The distributions of such features for all the selected frames are
analyzed in terms of 7 selected statistical values to serve as audio features for
our models. See text for details.

Feature name Acronym # of parameters
Zero crossing rate zcr 1
Constant Q-Chromagram cheqt 12
Chroma energy normalized chcens 12
Tonal centroid tonz 6
Chromagram chstft 12
Spectral centroid scent 1
Spectral bandwidth spbw 1
Spectral contrast scont 7
Spectral rolloff sroll 1
Spectral flatness sflat 1
Mel-frequency cepstral coefficients mfcc 20

4.3. Model training and feature selection

As the first step of the derivation of our models, we randomly
assigned each of the excerpts provided by GTZAN to either learn-
ing (LRN) or testing (TST) datasets. The LRN set is used to train our
models while the TST one is used to evaluate the quality of model
learning. To obtain an unbiased distribution of music content,
with regard to each individual genre, we proceeded as follows:
for each of the excerpts we extract a random number r uniformly
distributed in the interval [0, 1]; we include the excerpt in the
LRN set if r < 0.8, otherwise we assign it to the TST set. At the
end of the selection procedure, we obtain a preliminary learning
set of 822 excerpts and a testing set given by the remaining 178.
The genre distribution of the preliminary LRN set and the TST set
obtained with our procedure is shown, respectively, in the left
and right panels of Fig. 3, where an index from 1 to 10 is used to
refer to each of the music genres considered in this analysis with
the same numerical order as mentioned in Section 2. The small

differences between the number of audio tracks selected for each
genre are the result of the statistical nature of our approach.

The quality of the information contained in the GTZAN dataset
is affected by a number of factors, including multi-genre songs
classified as single-genre (see Section 2) and incorrectly labeled
songs [27]. Reducing any possible source of noisy information is
mandatory in order to enhance the generality of the resulting
classifiers. To this end, we removed from the preliminary LRN set
a number of possible mislabeled tracks identified by adopting the
approach described below.

The LNR set is first used to train a preliminary classifier.
After a quick learning phase, we evaluated the content of the
LNR dataset with the preliminary classifier obtaining an output
vector ¢ for each of the excerpts in the dataset. Let g} the index
corresponding to the ground truth genre specified by GTZAN for
the ith song and ¢ the corresponding output evaluated by our
preliminary classifier. For a correctly tagged song with a single
genre and in the presence of a perfect classifier, it holds trivially
max{c’} = c;'()i). We assumed that a song is misclassified if

j
By applying the procedure discussed above, we identified 62

possible mislabeled songs that were removed from the prelimi-
nary LRN dataset. The resulting filtered dataset is thus composed
by 760 excerpts, with the genre distribution shown in the central
panel of Fig. 3. Also in this case, songs are equally distributed be-
tween genres within the statistical uncertainties. In the following,
we adopt the filtered LRN set as the learning set for our models.

Our classification models are based on a set of 10 distinct
classifiers, each returning an output in the range [0, 1]. Each
classifier is trained separately by using all the songs in the LRN
dataset. In a similar procedure, a classifier is trained with a
number of examples of which 10% have a full degree of belonging
to the genre itself (cj(') = 1) and the rest 90% have a vanishing

degree of belonging (i.e. c].(i) = 0). As a consequence of this

asymmetrical number of examples, resulting classifiers will be

(1) (1)
max{c;’} > 10Cgm.



6 G. Campobello, D. Dell’Aquila, M. Russo et al. / Applied Soft Computing Journal 94 (2020) 106488

Table 2

Summary of all the derived classification models. n;gy and nrsy are the number
of patterns used respectively in the learning set and testing set, e is the BP error
evaluated according to Eq. (3), Nueges is the overall number of nodes used for the
BP tree structures representing the model formulas, nggures is the corresponding
number of selected features.

Model NiRN nyst e EQ- (3) Npodes nfearures
Preliminary 822 178 75.6% 235 64
CM1 760 178 65.7% 250 79
CM2 760 178 70.0% 179 58
CM3 760 178 75.0% 89 38

maximally trained to recognize the non-belonging of music con-
tent to genres. In other words, we expect to obtain conservative
classifiers, i.e. classifiers that return a meaningful classification to
a given genre only when a particularly significant correlation with
the input features is present.

In the present work, we derive 3 distinct classifiers:

e The Classification Model 1 (CM1) has been obtained without
constraints on the resulting complexity and is therefore the
one with largest complexity and greatest accuracy. The cor-
responding error e, evaluated according to Eq. (3), is equal
to 65.7%.

e The Classification Model 2 (CM2) has been obtained by
imposing a target error equal to 70%, i.e. an increase of about
5% in the error level with respect to the one achieved by
CM1.

e The Classification Model 3 (CM3) has been obtained consid-
ering a target error equal to 75%. This is the simplest of the
models we developed.

In order to ensure the output of each of the classifiers fulfilling
the condition fj(x) € [0, 1] for all possible input vectors X, we
replaced f; with the corresponding constrained functions gj(x) =
max(min(fj(x), 1), 0).

Finally, the entire simulation procedure adopted for the deriva-
tion of CM1-3 is schematically described in Fig. 4.

We summarize in Table 2 our derived models. Differently from
the preliminary model, CM1-3 are trained by using the reduced
LRN set (nigy = 760). It is worth noting that the error e reported
in the table does not coincide with the accuracy of the model.
The latter will be defined in Section 5 and used to compare our
models with other existing models published in the literature.
The computational complexity of the derived models is indicated
through the number of nodes n,,4.; used by BP to describe their
analytical formulas. As it is possible to observe by inspecting
the results reported in Table 2, the lower is the target error
used to derive the model, the lower is the corresponding com-
putational complexity. As an example, the most accurate model,
CM1, comprises 250 nodes while only 89 nodes are required to
implement CM3. Concerning the number of features required to
classify the input content, a highly significant reduction is done
thanks to the feature selection operated by BP. For example,
only 79 features, about 20% of the 518 features usually adopted
in the literature, are used by CM1. The information contained
in the remaining 439 features is found to be not particularly
significant to the classification process. Interestingly, when the
complexity of the model is reduced, additional features are found
to be less significant. The simplest of our models, CM3, exploits
only 38 features, less than 8% of the original number of features
used in the learning process. By using such a reduced number of
features, the corresponding complexity amounts at 32% of that
of CM1, with a worsening of the error of less than 10%. As it
will be discussed in Section 5, the accuracy of CM3 in music
content classification is only slightly worse than the one of CM1.
A complete list of the features foreseen by CM3 is reported in
Table 3 according to the notation introduced in Section 4.2.

Table 3
List of the 38 features exploited by CM3 according to the notation introduced
in the Section 4.2.

chcensAs chcensLyg chcensLy chcensMy chstftMyq
chstftMy chstftWs mfccArq mfccAq7 mfccAy
mfccAg mfccAg mfccGyy mfccGao mfcck,
mfccMys mfccSio mfccSyy mfccSs mfccSe
mfccWig mfccW; scentS, scontAs scontG,q
scontKy scontKs scontL, scontLs scontSs
scontW, sflatAq sflatG, srollL, srollS;
tonzSs tonzS, zcrWy

4.4. Performance of the models

The analytical formulations of CM1-3 are given, respectively,
in Figs. A.8, A.9 and A.10 of Appendix. They can be easily used,
given a set of input features, to calculate the degree of belonging
of an audio track described by a set of features to each of the 10
music genres considered in this analysis. To have a first, semi-
quantitative, idea about the capabilities of our classifiers in the
task of MGR, we apply the proposed classifiers to the entire
GTZAN dataset. In Fig. 5, we report the results of our analysis.
Each subfigure provides an image of 1000 x 10 wide pixels (hor-
izontal segments) where each row is associated to an individual
excerpt and each column is related to a certain music genre. The
generic pixel (i, j) is black if the genre j is a good classification for
the song i and white otherwise. Note that, in order to improve the
readability of the figure, on the x-axis we reported directly the
name of genres instead of the corresponding number j € [1, 10].
The first subfigure in the left panel of Fig. 5 represents the GTZAN
dataset as analyzed by an ideal single-genre classifier. Each group
of 100 consecutive songs belongs exclusively to a given genre.
The resulting picture contains sharp bands, each corresponding to
one of the music genres included in the database. For example, all
songs in the range 300 to 399 are labeled as blues, while all songs
in the range 700 to 799 are tagged as classical and so on. The
presence of well-defined sharp bands is because the belonging is
here considered exclusive to one single genre. For all the other
subfigures, related to our classification models, the generic pixel
(i, j) is drawn in black when cj(') > 0.5. In this case, differently
from the case of the ground truth of the GTZAN dataset, more
than one genre can be simultaneously present for the same y-
coordinate, i.e. a given song can simultaneously belong to more
than a single genre. Several important indications can be deduced
by carefully inspecting the subfigures relative to CM1-3. The first
important fact to note is that the number of songs for which
at least one of the classifiers returns a value larger than or
equal to 0.5 (i.e. the number of rows in the plot containing at
least a horizontal segment) decreases while moving from left to
right through the subfigures. This fact is not surprising as the
model tends to be more conservative while reducing its analytical
complexity. As an example, CM3 identifies only 458 songs within
the GTZAN dataset that have a degree of belonging greater than
or equal to 0.5 to at least one music genre. By looking at subfigure
relative to CM1, groups of pixels corresponding to each individual
genre are very well visible, testifying that our larger complexity
model preserves in a quite satisfactory way the music genre
partitioning of the original GTZAN dataset. Poorer performances if
compared to the other genres are however registered for country,
disco and rock. The latter is particularly troubling. If one looks at
the corresponding picture for CM2 and CM3, it is clear that the
performances in identifying rock content are dramatically worse
while simplifying the model. At the limit, when considering CM3,
one finds no rock songs at all resulting in an output greater
than 0.5 for one of the genres. Such a degradation of the rock
identification capabilities for simpler models suggests that the set
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Fig. 4. A schematic representation of the simulation process performed to construct CM1-3 classification models. The BP neuro-genetic tool is used for model training.
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Fig. 5. Comparative plots for CM1-3 obtained by using the content of the GTZAN dataset. The y-axis is the index representing the ith content of the GTZAN dataset,
while the x-axis reports the music genres considered in this analysis. The left panel shows the result of the application of an ideal classifier to the GTZAN dataset, an
individual horizontal segment for each song describes its belonging to exclusively one music genre. All other panels are relative to CM1-3. In this case a horizontal
segment is drawn only when the classifiers returns a value c}') > 0.5, and more than one horizontal segments on the same row is possible.
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of features described in Section 4.2 contains a poor correlation
to rock content. This is also confirmed by the corresponding
analytical formula, fio of Fig. A.10, containing only 3 nodes and
exploiting exclusively one single feature among those in Table 1.
Furthermore, the fact that GTZAN contains several mislabeled
songs in the rock genre [27] and, at the same time, that many of
the songs labeled according to other genres have a significant rock
content might negatively affect the capabilities of the resulting
rock classifier. Another interesting fact is that loci relative to clas-
sical, jazz, metal and pop genres in Fig. 5 are particularly marked
for all our proposed classifiers. The case of CM3 is particularly
remarkable. Derived formulas for these genres, as reported in
Fig. A.10, have an extremely reduced complexity. Their number
of nodes ranges from 6, with only 2 exploited features, for the
classical classifier to 18, with 6 features, for the jazz classifier.
Results are particularly interesting especially for classical, metal
and pop genres, for which an extremely high density of black
pixels is observed in Fig. 5, in agreement with the ground truth
of GTZAN.

A more quantitative analysis of the performances of CM3 in
evaluating the content of the GTZAN dataset can be done by
inspecting Fig. 6. In this figure, we report 10 individual panels,
each for a given music genre classified in GTZAN. In each of the
panels we show a graphical representation of the coefficients ¢
obtained via CM3 for all songs (numbered from 00 to 99 in tﬂe
x-axis) whose ground truth corresponds to the given genre. Dots
in the figure have radii proportional to the output coefficients c}')
only when cj(') € [0.5, 1], while no dot is drawn for ¢’ < 0.5. The
figure confirms what, semi-quantitatively, was visible in Fig. 5.
Excellent performances are obtained for the classical, metal and
pop classifiers. Even by considering a quite large threshold value,
the classical classifier returns a meaningful degree of belonging
for 70 songs; for 63 of those, all classified as classical by the
GTZAN collection, the classical degree of belonging according to
CM3 results the dominant one. Concerning the metal classifier,
we obtain 83 songs with a meaningful metal output; in this case,
76 songs are dominantly associated to the metal genre by CM3.
Interestingly, 73 of these songs are identified as metal by GTZAN,
while the remaining 3 are labeled as rock, testifying the good
capabilities of the CM3 metal classifier. The CM3 pop classifier
returns a value c;') € [0.5, 1] for 90 songs belonging to the GTZAN
dataset; for all these songs, the pop genre results the dominant
one according to CM3. Among these songs, 76 are labeled as pop
in GTZAN, while the large majority of the rest belong to music
genres with a reasonable degree of superposition with the pop
genre: 3 are labeled as reggae by GTZAN, 4 are labeled as hip-hop
and 5 are labeled as disco.

Finally, it is interesting to analyze the behavior of CM3 if
different threshold values are used. Table 4 reports the number of
songs of the GTZAN dataset with a meaningful CM3 classification
for several threshold values ranging from 0.3 to 0.6. It is clear
how the number of classified songs rapidly increases as a lower
threshold is used; for example, only 380 songs are classified if
a threshold of 0.6 is used, while we obtain 704 classified songs
for a threshold value of 0.3. As a result of the lower level of
conservativity, the number of true positives, i.e. the number of
songs whose prevalent genre identified by CM3 coincide with the
ground truth of GTZAN, slightly decreases when lower thresholds
are used. However, such values are satisfactory for all considered
threshold values, ranging from 90% to 80%, respectively for the
maximum and minimum thresholds considered in our analysis.
The number of meaningful genres is also affected by the size
of the threshold. The last column of Table 4 reports the maxi-
mum number of meaningful genres for each of the corresponding
threshold values, such numbers do not exceed 4 for the minimum
threshold considered in this study.

Table 4
Number of classified songs, percentage of true positives and maximum number
of genres identified by CM3 for different threshold values.

Threshold # of classified % of true Max number
songs positives of genres
0.6 380 90% 2
0.5 458 87% 3
0.4 566 84% 3
0.3 704 80% 4
Table 5

Accuracy of state-of-the-art MGR models and the proposed CMs when used as
single-label classifiers, calculated according to Eq. (5). Input data are extracted
from the GTZAN database.

Model Method Type of classification  Accuracy (AcCst) — Nfeatures
[5] SAHS SL 97% 265
[6] EMD SL 97% 616
[30] NMPCA SL 84% 768
[31] EDSP SL 85% 768
[32] LSDR SL 91% 768
[33] TPNTF SL 94% 7680
[13](DS)  NNs-SVM ML 74% 518
CM1 EC-NNs ML 77% 79
CM2 EC-NNs ML 75% 58
CM3 EC-NNs ML 70% 38

5. Comparisons with other approaches

Let us summarize the main features of our novel approach.
Our classifiers are innovative as they are uniquely based on fully
analytical formulas (Figs. A.8, A.9, A.10). Differently from the
majority of the MGR tools previously developed, they are capable
to simultaneously evaluate the degree of belonging of a given
music content to several music genres with a fuzzy-like logic,
accounting for the existence of fuzzy boundaries between music
genres. In addition, our classifiers rely on a strongly reduced
number of features.

To fully validate our newly developed models, it is mandatory
to benchmark the accuracy of our predictions against those of
well-established state-of-the-art models for music content clas-
sification. To this end, we adopt the metric of the mean accuracy
(Acc), widely suggested in the literature, to compare the perfor-
mances of our models with that of other MGR single- (SL) and
multi-label (ML) classifiers available in the literature.

We define the mean accuracy of a classification model in the
following way:

L

1 TP;
Acc=- )Y —L 5
L2 o, ®)

j=1

where TP; is the number of true positives obtained for the jth
genre/class, TOT; is the number of patterns in the jth class and
L is the overall number of classes, i.e. the number of independent
classifiers. The definition of mean accuracy given by Eq. (5) as-
sumes implicitly that each input is classified into one, and only
one, of L non-overlapping classes. In order to use this metric, it is
therefore mandatory to force our multi-label classification models
to work as single-label classifiers. It is important to stress that
such a condition is required to use the simple formalism given
by Eq. (5) for numerical comparisons between classifiers, but is
clearly a highly unfavorable condition to our models.

Table 5 reports a full numerical comparison between the per-
formances of our models and the performances of single- [5,6,
30-33] and multi-label [13] classifiers previously published in
the literature. We used the content of the GTZAN dataset to
produce the comparative results. For the calculation of Acc in
the case of multi-genre classification models, we consider the
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Fig. 6. Graphical representation of the coefficients c(') obtained by CM3 for the whole GTZAN dataset. The size of the dots reflect the magnitude of the corresponding

coefficient. No dot is drawn for cj

ith music content as belonging to the genre g if max{cjm}

cg). A first important point is to compare the capabilities of our
models used as single-genre classifiers with those of state-of-the-
art single-genre classifiers. This is a fundamental step to validate
the capabilities of our models in preserving the information on
the dominant genre given by GTZAN. Accuracy values of CM1-3
are, respectively, 77%, 75% and 70%. These values are lower than
those obtained with SL models, which range from 84% for [30]
(which exploits non-negative multi-linear principal component
analysis, NMPCA) to 97% for the most accurate ones [5,6]. The
latter are based, respectively, on a self-adaptive harmony search
(SAHS) algorithm and empirical mode decomposition (EMD). This
result is quite satisfactory if we consider that our models are
not conceived as high-precision SL models. Furthermore, the good
accuracy obtained by our models when used as SL classifiers indi-
cates that the original information given by the GTZAN dataset is
reasonably preserved. Concerning the number of features Npgrures
exploited by the models (last column on Table 5), CM1-3 have a

< 0.5. Each individual panel is relative to the content belonging to a certain music genre labeled by GTZAN.

significantly reduced number of features than other SL classifiers
published in the literature, testifying the lower complexity of our
models. For instance, despite the reduced complexity, CM1 has
an accuracy equal to about 92% of that of [30], but exploiting
only one tenth of the features used in Ref. [30]. Other SL clas-
sifiers published in the literature achieved intermediate accuracy
levels between those obtained in Refs. [5,6,30]. As an example,
ensemble discriminant sparse projections (EDSP) was successfully
applied to the SL classification of the excerpts extracted from
GTZAN with an accuracy of 85% and a number of features of
768 [31]. An analogous number of features was more recently
exploited in Ref. [32] via linear subspace dimensionality reduction
(LSDR) techniques, in this case enhancing the accuracy to 91%.
Finally, a topology preserving non-negative tensor factorization
(TPNTF) method reported 94% accuracy by using 7680 audio
features, the largest number of features with respect to all other
SL classifiers.

Comparisons described in this section suggest that, while
forced to work as single-genre classifiers, our models have slightly
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worse performances compared to other SL approaches, even if
the number of exploited features is significantly reduced. This
is not surprising as our models are not conceived to work as
high-accuracy SL classifiers. However, relatively high values of
accuracy are achieved by CM1-3, testifying the capabilities of
our models to meaningfully preserve the original SL information
of GTZAN. In this framework, the aim of the newly developed
models is not that of substituting other well-established SL ap-
proaches, but instead that of providing complementary infor-
mation such as the ML classification and the fuzzy degree of
belonging to music genres.

We must note at this point that a more substantial test should
be performed against other ML models. To this end, Section 5.1
is concerned with a detailed comparison of CM1-3 to other ML
classifiers previously published in the literature.

5.1. Detailed comparison with other multi-label classifiers

The comparison with other state-of-the-art ML approaches is
a crucial point to test the capabilities of our models. To this
end, we have quantitatively analyzed the performances of the
popular ML classifier DS [13]. DS is a multi-genre MGR tool
capable to quantify the belonging of music content to 10 mu-
sic genres with a normalized coefficients vector. Output vector
normalization represents one of the most important differences
between DS and CM1-3. Our models, indeed, do not contain
any a priory assumption on the amplitude of the output vector.
This allows for a larger informative content to be returned. We
can clarify this statement with the following example. Let us
consider, as a limit condition, a possible music track with a full
degree of belonging to simultaneously all the 10 genres consid-
ered in this analysis. The evaluation of this song by means of
a non-normalized classification model like CM1-3 should result
in a large output for each of the classifiers. On the contrary, a
normalized MGR model would return a degree of belonging of
10% for all classifiers, carrying an information non-significant to
even low-threshold applications and almost completely losing
the original information. Another substantial difference between
our models and DS is their optimized implementation. DS relies
on Convolutional Neural Networks (CNN) and Long Short-Term
Memory (LSTM) Networks, while our models are uniquely based
on simple analytical formulas with reduced number of features.
DS has an accuracy, evaluated with the prescriptions discussed
above, of 74%, see Table 5. This value is similar to those obtained
with our classification models. DS exploits all the 518 features
discussed in Section 4.2. Also in this case, our models introduce a
noticeable simplification in the number of input features, made
possible by the native feature selection capabilities of BP. For
instance, the features exploited by CM2, which has the same
average accuracy of DS, are only about 11% than those used by
DS.

A more detailed comparison of the capabilities of DS and CM1-
3 can be performed by a case-by-case analysis of the content
of GTZAN. For simplicity, we ordered all GTZAN audio files with
respect to the Euclidean norm of the coefficients obtained with

CM3, ie. ||| = ,izj cj('). More precisely, let us indicate with
S =1{I, ..., oo} the vector of indexes of the GTZAN audio files
ordered so that ||[c™)|| > ||c®)|| > ... > |ctho0)|| and with S
the subset of the first k elements of S, i.e. Sy = {I1, ..., I;}. In this
way, one can expect that each S, subset contains a partition of
the original GTZAN dataset with increasing consistency (i.e. bet-
ter correlation between input features and underlying genre(s),
according to CM3) for decreasing k-values. The corresponding
accuracy was evaluated on several subsets Sy.

In Fig. 7 we reported Acc values for DS, CM1 and CM3 eval-
uated on different S, subsets, with k ranging from 100 to 1000
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Fig. 7. Accuracy of CM1 (open circles), CM3 (open crosses) and DS (reversed
triangles), evaluated with the metric described by Eq. (5) over different S
subsets of the GTZAN dataset.

Table 6
S100 excerpts classified in a different manner by CM3 and DS.
Audio file CM3 DS
hiphop.00075 Pop HipHop  Reggae HipHop  Pop Reggae
(0.90) (0.60) (0.27) (0.80) (0.08) (0.04)
hiphop.00014 Metal HipHop  Disco Reggae Rock Disco

(0.93) (0.37) (0.25) (0.79) (0.05) (0.05)
hiphop.00095 Metal HipHop  Disco Metal HipHop  Disco
(0.97) (0.37) (0.30) (0.91) (0.03) (0.02)

hiphop.00047  HipHop  Pop Disco Pop HipHop  Reggae
(1.0) (0.313) (0.21) (0.40) (0.37) (0.06)
hiphop.00084 HipHop  Metal Rock Reggae HipHop  Jazz
(0.90) (0.56) (0.07) (0.28) (0.21) (0.17)
country.00067  Country  HipHop  Rock Jazz Blues Country
(1.0) (0.18) (0.13) (0.66) (0.19) (0.07)
country.00064  Classical Country  Rock Jazz Classical ~ Blues
(0.86) (0.63) (0.07) (0.70) (0.12) (0.11)
country.00071  Country  Classical Jazz Classical Country Jazz
(1.0) (0.33) (0.23) (0.55) (0.28) (0.07)
country.00014  Pop Disco Country  Disco Rock Pop
(0.96) (0.35) (0.16) (0.34) (0.25) (0.17)
country.00069  Blues Country  Classical Country  Rock Blues
(0.91) (0.44) (0.09) (0.77) (0.07) (0.07)
blues.00031 Blues Classical Country  Country  Blues Rock
(1.0) (0.63) (0.40) (0.55) (0.29) (0.11)
pop.00013 Country  Reggae Rock Pop HipHop  Reggae
(0.98) 0.71) (0.10) (0.30) (0.28) (0.13)
jazz.00010 Country  Jazz Rock Jazz Classical ~ Country
(1.0) (0.51) (0.17) (0.60) (0.22) (0.09)
jazz.00006 Reggae Jazz Rock Jazz Blues Country
(0.81) (0.72) (0.10) (0.80) (0.13) (0.03)
classical. 00054 Classical Reggae HipHop  Country Classical reggae
(0.92) (0.51) (0.33) (0.45) (0.18) (0.12)
classical.00089  Classical ~Blues Metal HipHop  Classical Metal
(1.0) (0.27) (0.03) (0.51) (0.16) (0.15)
classical.00079  Blues Classical ~ Country Classical
(1.0) (0.52) (0.06) (0.99)
reggae.00076 Pop Reggae Country  Reggae HipHop  Rock
(0.86) (0.64) (0.09) (0.49) (0.46) (0.02)
reggae.00086 HipHop  Reggae Blues Disco Pop HipHop
(1.0 (0.37) (0.32) (0.72) (0.15) (0.04)
disco.00026 Pop Reggae HipHop  Disco Pop HipHop

(0976) (022)  (0.18)  (0.77)  (0.08)  (0.08)

(using a step of 50). As expected because of the adopted or-
dering, the trend of the accuracy for all considered models is
monotonically descending for increasing k-values, indicating that
the output of CM3 represents a good estimate for the quality of
input features. Additionally, CM1 (open circles) has the highest
accuracy when considering the subsets from Sygp to Sgoo (i.e. the
first 600 songs ordered with our method). In the same range,
DS (reversed triangles) and CM3 (open crosses) have similar
accuracy. Only for values of k greater than 750 DS performs
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Fig. A.8. Analytical formulas of CM1.
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Fig. A.10. Analytical formulas of CM3.

better than our models. This is a reasonable fact, as, due to
their limited complexity, our models have the tendency to be
more conservative for music content identified by features poorly
correlated with the corresponding music genre(s) of belonging.

Finally, we carried out a detailed analysis of all songs in the
subset Sqgo. Within this subset, the classifications given by CM3
and DS agree to each other and with the ground truth of GTZAN
for 80 songs. In Table 6, we report the classification obtained with
CM3 and DS for the remaining 20 songs, for which the genre
resulting in the largest output coefficient is not the same for the
two models. More in detail, Table 6 reports the most significant 3
coefficients obtained with CM3 and DS, sorted from the largest
to the smallest from left to right. In such a way, the leftmost
coefficient for each of the considered models corresponds to that
of the dominant genre to be compared with the ground truth of
GTZAN. By inspecting the output of DS, one can easily observe
that there are 8 songs for which the dominant genre corresponds
to that indicated by GTZAN. DS therefore correctly classifies 80 +
8 = 88 songs of Sigp. In the case of CM3, there are 7 songs whose
classification, in the sense of SL, agrees with GTZAN. We can
therefore state that the accuracy achieved by CM3 on Sy (87%)
is not significantly different from the one of DS (88%). However,
through a careful inspection of all audio files of S1o9, we evidenced
some interesting facts that we point out in the following.

The file hiphop.00014 results to be mislabeled. It is an excerpt
of the song Fight For Your Right of the Beastie Boys group; the
genre of this song, erroneously classified by GTZAN as Hip-hop,
is mainly Hard Rock, even though a small Pop Rock component
is also present, as reported also by Wikipedia [34]. It is worth
observing that CM3 classifies this song mainly as Metal, which
is a genre with a reasonably large degree of superposition with
the Hard Rock genre and also the most similar genre among the
10 genres considered by the GTZAN dataset. Additionally, CM3
correctly suggests that the Hip-hop genre is present but it is not
the dominant genre (the Hip-hop function returns a value of 0.37
vs 0.93 returned by the Metal function). On the contrary, if one
looks at the output of DS for this song, reported in Table 6, a
dominant Reggae component is returned (79%), in contrast with
the commonly accepted classification for this song.

The file country.00014 is an excerpt of the song Silver Threads
and Golden Needless singed by Nina Martinique. This song was
originally recorded by The Springfields, a Folk/Pop group. Its
classification in GTZAN is Country. CM3 mainly associates this
song to Pop (0.96), while country is also present in minor part
(0.16). According to DS, this song almost equally Disco (34%) and
Rock (25%). Also in this case the output of CM3 is more reasonable
than that of DS.

The song pop.00013 is an excerpt from Every Time I Close My
Eyes singed by Babyface. This song is erroneously classified by
GTZAN as Pop. Its dominant genre is R&B, as reported for example

in Ref. [35]. In this case both DS and CM3 return as output more
genres with similar amplitude. In particular, DS classifies this
song as a combination of Pop (30%) and HipHop (28%), while
CM3 classifies the same song as mainly Country (0.98) and Reggae
(0.71). To our opinion it is not simple to state which combination
better represents the R&B genre.

disc0.00026 is an excerpt of the song (Baby) Do the Salsa by
La Toya Jackson. This song is classified by Discogs with several
genres [36], mainly Electronic and Pop among others. Moreover,
the song exhibits a style quite similar to that of Madonna, an
iconic singer of the pop genre. For these reasons, the genre Pop
identified by CM3 could be considered a reasonable classification.
DS associates this song predominantly to Disco (77%).

The number of songs that are correctly identified by CM3
further increases if we consider the possibility of CM3 to be used
as multi-genre classifier. In fact, as it is evident in Table 6, for
most songs the ground truth genre indicated by GTZAN is among
the dominant genres suggested by CM3.

6. Conclusions

Music genre recognition tools for automatic classification of
music content are highly demanded by modern music collec-
tion services such as Spotify and iTunes. In this framework, we
have developed three multi-genre classification models capable
to evaluate the degree of belonging of audio tracks to ten different
music genres, accounting for the well-known existence of fuzzy-
like boundaries between genres. The innovative aspects of our
approach consist in the analytical implementation, the strongly
reduced number of features and the absence of a priory assump-
tions on the output vector amplitude (i.e. degrees of belonging
are fuzzy-like and it is not required for their sum to lead to
100%, with a consequent larger informative content carried by
the output). Our models are derived by exploiting the unique
capabilities of the Brain Project, a neuro-genetic distributed tool
for the formal modeling of data, and the informative content
contained in the GTZAN dataset, the most widely used collection
for music genre recognition.

A careful comparison of the performances of our models
against those of state-of-the-art tools previously published in the
literature indicates that, even when forcing our models to work as
single-label classifiers, their accuracy is only slightly lower than
that of other single-label classifiers.

Despite the simple implementation and the limited number of
features, the accuracy of our models turns out to be similar to that
of other multi-label approaches based on Convolutional Neural
Networks and Long Short-Term Memory Networks. In addition,
our lower complexity model exploits only 38 of the 518 features
typically used by multi-genre classification tools published in the
literature.



G. Campobello, D. Dell’Aquila, M. Russo et al. / Applied Soft Computing Journal 94 (2020) 106488 13

Finally, the low computational complexity deriving from the
analytical implementation and the reduced number of features
makes our newly developed models particularly suitable to be
integrated in low-cost embedded systems for real-time applica-
tions.
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Appendix. Analytical formulations of our classification mod-
els

The reader can refer to this section for the full analytical
representation of the classification models CM1-3 derived via BP.
Related formulas can be easily implemented for comparisons with
future approaches and/or for the integration of the classifica-
tion model(s) described in this paper in applications aimed at
multi-genre classification of music content via the audio features
described in Section 4.2.
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