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ABSTRACT
Music is widely used for various purposes, it contributes to the treatment of patients since people
appreciate it and use it for music therapy. Music therapy is a clinical practice that engages both
client and therapist in dynamic musical interaction. In music pitch estimation experiments, the
database is adopting western classical music and the original songs. We proposed a multiresolution feature extraction technique to deal with music therapy signals. We utilize adaptive
resonance theory to search their clusters of features. The effectiveness of the clusters is
encouraging.
Key Words: music therapy, pitch estimation, wavelet transform, neural networks, adaptive
resonance theory.
1. INTRODUCTION
In this paper, a musical pitch estimation system based on wavelet transform is proposed. Music
is widely used for various purposes, it contributes to the treatment of patients since people
appreciate it and use it for music therapy. Music therapy is a clinical practice that engages both
client and therapist in dynamic musical interaction. Found in all cultures around the world, music
has the power to touch the human spirit at a deep level, often without the use of words. The
disciplines of music therapy and music technology are both relatively recent, having emerged
late in the 21th century, so combining the therapy with the technology is still considered novel.
In response to the social changes, nursing profession requires multiple abilities of care. Music
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therapy is considered to be one of the multi-mode therapies [1].
Music signal processing researchers are expected to propose more efficient and effective solution
for real world. Using real world data is one of the good ways to think such solutions. In addition,
we are required to grow the real fields by ourselves where the technologies potentially can be
used [2]. In music signal, we utilize the technology of signal processing to analyze the features of
each music melody. Music signal could be extracted by a set of features of each frame from
wavelet transform and Fouier transform.
Pitch is a common parameter in many types of music signal processing. It is defined as the
perceived fundamental frequency of a signal and is used in many applications of music signals.
Pitch estimation algorithms can be classified in two separate categories, spectral-domain based
and time-domain based detection. Spectral pitch detectors estimate the pitch period directly using
windowed segments of music signal. However, time based pitch detectors estimate the pitch
period by determining the glottal closure instant and measuring the time period between each
“event” [3].
This paper is organized as follows. In section 2 we discuss the pitch estimation based on wavelet
transform. Section 3 briefly describes the adaptive resonance theory. The experimental results
are given in Section 4. Finally, some concluding remarks are presented in Section 5.
2. PITCH ESTIMATION BASED ON WAVELET TRANSFORM
2.1 Wavelet Transform
The multi-resolution formulation of wavelet transform is obviously designed to represent signals
where a single event is decomposed into finer and finer detail, but it turns out also to be valuable
in representing signals where a time-frequency or time-scale description is desired even if no
concept of resolution is needed. In many applications, one studies the decomposition of a signal
in terms of basis function. For example, stationary signals are decomposed into the Fourier basis
using Forier transform. For non-stationary signals (i.e. signals whose frequency characteristics
are time-varying like music, speech, image, etc.) the Fourier basis is ill-suited because of the
poor time-localization. The classical solution to this problem is to use the short-time (or
windowed) Fourier transform. However, the short-time Fourier transform has several problems,
the most severe being the fixed time-frequency resolution of the basis functions. Wavelet
techniques give a new class of bases that have desired time-frequency resolution properties. The
“optimal” decomposition depends on the signal studied.

Each function in a basis can be considered schematically as a tile in the time-frequency plane,
where most of its energy is concentrated. Non-overlapping tiles can schematically capture
orthonormality of the basis functions. With this assumption, the time-frequency tiles for the
standard basis and the Fourier basis are shown in Fig. 1.
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Fig. 1 (a) Standard time domain basis, (b) Standard frequency domain basis.
The discrete wavelet transform is another signal independent tiling of the time-frequency plane
suited for signals where high frequency signal components have shorter duration than low
frequency signal components. The discrete wavelet transform coefficients are a measure of the
energy of the signal components in the time-frequency plane, giving another tiling of timefrequency plane. Fig. 2 shows the corresponding tiling description, which illustrates timefrequency resolution properties of a discrete wavelet transform basis.
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Fig. 2 Three-scale of wavelet basis.

The definition of the scaling function  j,k (t ) and wavelet function  j,k (t ) is given by [4].
 j, k (t )  2 j / 2  (2 j t  k )

j, k  Z

(1)

 j, k (t )  2 j / 2 (2 j t  k )

j, k  Z

(2)

This two-variable set of basis function is used in a way similar to the short time Fourier
transforms. A signal space of multi-resolution approximation is decomposed by wavelet
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transform in an approximation (lower resolution) space and a detail (higher resolution) space. In
order to generate a basis system that would allow higher resolution decomposition at higher
frequencies, we will iterate the wavelet transform recursively to divide the approximation space,
giving a left binary tree structure. The wavelet packet was allowed a finer and adjustable to
particular signals or signal classes. The wavelet packet decomposes the detail spaces as well as
approximation ones.

2.2 Pitch Estimation
Pitch estimation is necessary for a variety of applications. In musical field, pitch extraction from
audio files could be used for music transcription. Pitch estimation is commonly treated as a
problem of classification. Several approaches have been proposed for classification problems.
Some works focus on conventional probabilistic and deterministic classifiers [5]. Another
approach uses neural networks to classify patterns [6]. In music signal, we utilize the technology
of signal processing to analyze the features of music pitch. Music signal could be extracted by a
set of features of each frame from wavelet transform and Fouier transform. The windowed
Fouier transform has uniform resolution over the time frequency plane. It is difficult to detect
sudden burst in a slowly varying signal by Fouier transform. Wavelet transform overcomes the
problem of fixed resolution, using adaptive window sizes, which allocate more time to the lower
frequency and less time for the higher frequency [7]-[9].

3. ADAPTIVE RESONANCE THEORY
Adaptive resonance theory describes a family of self-organizing neural networks, capable of
clustering arbitrary sequences of input patterns into stable recognition codes. Grossberg
attempted to address the stability-plasticity dilemma: how can a learning system remain plastic
(adaptive) in response to new, unseen information, yet remain stable in response to irrelevant
information? How can a system preserve its already acquired knowledge and at the same time be
flexible enough to accommodate new information to be store? How can the system decide when
to alternate from the stable to the plastic state and vice verse? Grossberg’s answer to the
stability-plasticity dilemma was the adaptive resonance theory. In an adaptive resonance theory
network, information reverberates between the network’s layers. Learning is possible in the
network, when resonance of the neural activity occurs. Resonance occurs when an already
learned pattern is presented and the network recalls / recognizes it and when a novel input pattern
is presented, the network realizes that the pattern constitutes new information and then enter
resonant state to memorize it. Fig. 3 shows the block diagram of adaptive resonance theory [10].
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Fig. 3 Block diagram of adaptive resonance theory.
Adaptive resonance theory is comprised by two major subsystems. The subsystem consists of
three layers of neurons. If the dimensionality of input patterns is M, the module’s F0 layer has M
nodes and is a pre-processing stage that complete encodes the input patterns. It requires that its
input vectors have their entire feature values normalized between 0 and 1. In other words, the
input domain of adaptive resonance theory is M-dimension. F0 transforms an input vector to 2Mdimension, which serves as an input vector to the F1 layer. Although complement coding
doubles the size of input patterns, it turns out to be essential for adaptive resonance theory to
perform clustering. Layer F1 has 2M nodes, while F2 has a large enough number of nodes that
will allow the adaptive resonance theory module to perform its learning task. All nodes in F1 are
interconnected with all nodes in F2 via bottom-up and top-down weights.
Fuzzy adaptive resonance theory employs localized rather than distributed learning. The later
one applies to multi-layer perceptrons, in order to learn a single pattern; many weights have to be
updated. However, learning a particular pattern in fuzzy adaptive resonance theory only
involves the template modification of a single node, whether a category updates or a category
creation takes place. Thus, updating weights in fuzzy adaptive resonance theory learning lies
primarily in the search (the combination of repetitive node competition and performing the
vigilance test) for a suitable category.
In general, fuzzy adaptive resonance theory training may produce overlapping categories, that is,
the intersection of some hyper-rectangles corresponding to fuzzy adaptive resonance theory
categories might be non-empty. In has been shown in [11], that a pattern located inside the
intersection of some categories will choose the categories of smallest size.
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4. EXPERIMENTAL RESULTS
In music pitch estimation experiments, the database is adopting western classical music and the
original songs. We utilize the technology of signal processing to analyze the features of music
signals. Music signals could be extracted by a set of features of each frame from wavelet
transform and Fourier transform. The windowed Fourier transform has uniform resolution over
the time frequency plane. It is difficult to detect sudden burst in a slowly varying signal by
Fourier transform. Wavelet transform overcomes the problem of fixed resolution, using adaptive
window sizes, which allocate more time to the lower frequency and less time for the higher
frequency.

The melody and rhythm play important roles in music care. Then, we utilize adaptive resonance
theory to search their clusters of features. Fig. 4 shows the results of pitch estimation. Thus, the
effectiveness of the clusters is encouraging. The results of this study can be applied as the
reference of music intervention.

Fig. 4 The results of pitch estimation.

5. CONCLUDING REMARKS
In this paper, the pitch estimation for music therapy signals was presented. We proposed a multiresolution feature extraction technique to deal with music therapy signals. We utilize adaptive
resonance theory to search their clusters of features. The wavelet transform has many
applications on music signal processing. The correlation of wavelet coefficients will be smaller
than the wavelet coefficient of the corresponding temporal process. Thus, the wavelet transform
can transfer complex signals to simple signals. We extracted the features of pitch from music
signal, but they need more precise frequency. Therefore, we should combine the complexity of
wavelet transform and the precision of the time frequency analysis in the future.
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