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Abstract. Recently, numerous musical acoustic signals are stored on the Internet to
enable widespread digital music distribution and autoscore technology, which can automatically detect acoustic signals. However, autoscore technology has not been practically
applied because of the complexity and diversity of acoustic signals. Herein, a neural network is applied for sound identiﬁcation and accuracy veriﬁcation. Sounds of a piano, a
synthesizer, an acoustic guitar, an electric guitar, and an electric bass were used, and
fast Fourier transform (FFT) was applied to these sounds. The sound spectrum was
used as the input of a single-layer neural network, and each sound was classiﬁed via the
neural network. Electric bass exhibited the highest estimation accuracy followed by the
synthesizer, electric guitar, piano, and acoustic guitar, in that order. Furthermore, the
identiﬁcation accuracy decreased with an increasing number of classiﬁed instruments.
The identiﬁcation accuracies of the classiﬁcation of two and ﬁve types of instruments
are 80% and 40%, respectively. Therefore, the classiﬁcation of two types of instruments
has better identiﬁcation accuracy compared to ﬁve types of instruments. The accuracy
diﬀerence in classiﬁcation between each instrument is due to the compositions of each
instrument, particularly the shape of the generated sound wave and its frequency.
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1. Introduction. Recently, multiple acoustic signals of music are stocked on the Internet
owing to widespread digital music distribution. However, adding metadata corresponding
to each acoustic signal, such as the name of artists and the music type, is eﬀective in
precisely and quickly searching for the expected music from these acoustic signals [1].
However, in terms of cost and labor, manually adding this metadata to each acoustic
signal is expensive. Therefore, a technology that detects such information in the acoustic
signals, particularly autoscore technology, needs to be developed. However, autoscore
technology has not been practically applied because of the complexity and diversity of
acoustic signals [2].
Herein, sound source identiﬁcation, an elemental technology under autoscore technology, is used to tone the instrument. Sound source identiﬁcation is part of the pattern
recognition research ﬁeld, and it is an estimation method that identiﬁes the type of instrument based on acoustic signals. Currently, we have less research on sound source
identiﬁcation compared to voice and character recognition, which have progressed in the
pattern recognition ﬁeld. In the acoustics ﬁeld, various research is ongoing on correspondence analysis between the physical parameters of instrument tone, including the
DOI: 10.24507/ijicic.16.06.2143
†
The first author has graduated from Aichi University of Technology.

2143

2144

Y. TAKITANI AND T. ARAKAWA

characteristic quantity of each instrument, computers, and sense of hearing [3]. However, these research works are far from realizing the engineering model of sound source
identiﬁcation.
A sound wave comprises the sum of sine waves that gradually change amplitude and
phase. Amplitude information is an important factor for distinguishing sounds. Given
that, sound waves generally transform to certain characteristics, such as a frequency
spectrum, which can help identify some sound features [4,5]. Further, a previous study
has shown the eﬃciency of sound source identiﬁcation among acoustic signals using a
neural network [6]. As an eﬀective method for sound source identiﬁcation, a previous
study has applied the hidden or embedded hidden Markov model [7,8] and Mel-frequency
cepstral coeﬃcients (MFCC) [9]. Especially, there are some previous researches that
MFCC is applied not only to instrument tone but to various sounds, such as forest sound
[10], and heart sound [11]. In addition, nowadays, there are previous researches using a
deep convolutional neural network [12].
Herein, the sound source is identiﬁed using frequency spectrum data. First, a sound
source comprising a single instrument is prepared: e.g., a piano, a synthesizer, an acoustic
guitar, an electric guitar, and an electric bass. Next, the frequency spectra of these
instruments are calculated via fast Fourier transform (FFT). Finally, these frequency
spectra are used for a feature value of machine learning, and the type of instrument is
identiﬁed using a neural network.
There have been previous studies on the identiﬁcation of instruments using neural
networks [13,14]. These previous studies have used frequency spectra as a feature, but
these previous studies have identiﬁed a single sound source. The key point of our study
is to identify sources from mixed sources using a single-layer neural network, which is
relatively easy to machine learning, and this is a major diﬀerence from previous studies.
If a relatively simple model such as the single-layer neural network in this manuscript
can be used to successfully identify sound sources, it is found that the identiﬁcation of
sound sources can be achieved without using diﬃcult models or high-speciﬁcation PCs,
suggesting that the realization of sound source identiﬁcation and autoscore system will be
easy. In addition, it is diﬃcult to create the sound dataset; thus, it is much better if the
sound source can be identiﬁed with a small number of the sound dataset. In our study, it
is also shown that the sound source can be identiﬁed with a small number of the sound
dataset, and this is the second key point of our study.
This article is organized as follows. Section 2 describes the experiment, focusing on
the preparation of sound data and the neural network used herein. Section 3 explains the
result of the experiment. Section 4 describes the discussion based on the result of the
experiment, and Section 5 summarizes the study.
2. Experiment.
2.1. Preparation of sound data. For acquiring the data used in the experiment, the
loop sound source of “AppleLoops”, included in “Logic Pro X” by Apple Inc., was used.
One loop of each sound source, i.e., the piano, synthesizer, acoustic guitar, electric guitar,
and electric bass, was recorded in .wav ﬁle format. Sound data obtained from the piano,
synthesizer, and acoustic guitar formed the stereo sound source, whereas the electric guitar
and electric bass formed the monaural sound source. Figure 1 shows the sound wave of
each instrument. In Figure 1, the dark gray line represents the sound of the left channel,
and the light gray line represents the sound of the right channel. Figures 1(d) and 1(e)
show only the light gray line because their sound sources are monaural. Next, to increase
the training data, we divided each .wav ﬁle into individual one-second data. Table 1
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Figure 1. The sound wave of each instrument: (a) piano, (b) synthesizer
(c) acoustic guitar, (d) electric guitar, and (e) electric bass

shows the data number of each instrument after being divided into individual one-second
data. Next, FFT was applied to these prepared sound data. To analyze the signals for
a short time, the signals were cut within a frequency range. Notably, the shape of the
frequency spectrum changed according to the time the signals were cut. Thus, the signals
were cut after the window function, whose amplitude gradually decreases, was multiplied.
The Hamming window function was used for this purpose and the spectrum was analyzed
accordingly. The spectrum was accurately analyzed by applying the window function.
Figure 2 shows the shape of the sound spectrum after FFT was applied to the sound
source of each instrument. The length of the time window was calculated by dividing the
sampling FFT points by sampling frequency; the frequency resolution is the reciprocal
of the length of the sampling window. Table 2 shows the details of the signal processing
conducted in the experiment.
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Table 1. Number of ﬁles of each instrument
Instrument
No. of ﬁles
Piano
1,898
Synthesizer
1,137
Acoustic guitar
782
Electric guitar
4,009
Electric bass
1,929

Figure 2. Shape of the sound spectrum
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Table 2. Signal processing speciﬁcations
Sampling frequency
44,100 [Hz]
Quantization bit #
16 [bit]
Frequency analysis method
FFT
FFT sampling points
1,024 [points]
Length of the sampling window
23.2 [ms]
Frequency resolution
43.1 [Hz]
From the result of the calculation of the frequency spectrum, as presented above, it
was found that the maximum value of the spectrum is diﬀerent among the various sound
sources. Thus, the amplitude of the frequency spectrum was normalized, such that the
minimum amplitude value is 0 and the maximum amplitude value is 1 in the frequency
spectrum. The normalized frequency spectrum of the sound source was calculated according to the above-described process, and the labels of instruments were attached to
each data. The above process for the preparation of sound data is summarized as follows.
1) Datasets of each instrument were created.
2) The data were divided into individual one-second data.
3) The data, recorded from the stereo sound source, were converted to a monaural
sound source.
4) Then, they were divided into data for training and data for testing.
5) The spectrum was analyzed via FFT, and the frequency spectrum was calculated.
6) The amplitude of the frequency was normalized.
7) Labels of each instrument were attached to the data.
2.2. Learning and estimation of the frequency spectrum via a single layer neural network. A single-layer neural network was implemented to classify the sound source
of each instrument using a normalized frequency spectrum, which is calculated by the
methods introduced in Section 2.1, as training data. TensorFlow 1.4.0, by Google Inc.,
was used for the open-source framework of machine learning. In the experiments, 1,024
arrays calculated by normalizing the frequency spectrum were used as input data. Table 3
shows the construction of the neural network. 200 data values, were picked up randomly
from each instrument data as shown in Table 1, and used for training data; 100 data
values, picked up randomly from each instrument data shown in Table 1, were used for
testing data of the constructed single-layer neural network. Notably, only 200 data values
from the total sound data of each instrument, shown in Table 1, were small for being used
as test data. However, creating the sound test dataset, as described in Section 2.1, is a
diﬃcult task. Therefore, it would be better to identify sound sources with only a small
number of sound data. Multiple instrument data, not single instrument data, are used
for training and testing data because the estimation and distinction of each instrument
Table 3. Construction of the neural network
# of the intermediate layers
1
# of the nodes in the intermediate layer
4,096
Optimization method
Adam
Learning rate
0.0001
Activation function
sigmoid function
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Table 4. Calculation circumstances
PC
macbook Pro
OS
macOS High Sierra 10.13.2
CPU
Intel Core i5 2.9GHz
Memory 8GB 2133 MHz LPDDR3
are the purposes of this study. In this study, the calculation was stopped after 2,000
iterations. The calculation circumstances of this study are listed in Table 4.
3. Result.
3.1. Single classification. In this study, ﬁve types of instruments were used. First,
to verify the estimation accuracy of the sound of each instrument, the sound of each
instrument is applied to the neural network. Here, the sound data of a single instrument
were used for testing data, and the accuracy of the classiﬁcation was evaluated. The result
is shown in Figure 3. Considering Figure 3, the estimation accuracy of electric bass seems
to be the highest and followed by synthesizer, electric guitar, piano, and acoustic guitar
in that order.

Figure 3. Result of a single classiﬁcation
In this paper, the neural network used only 200 training data, which were randomly
chosen, and the evaluated result of the single classiﬁcation seems to be well appropriate.
Thus, it is suggested that the classiﬁcation of a single instrument needs not many sound
sources to identify each instrument.
3.2. Classification of two types of instruments. Next, it was veriﬁed whether the
sound data could be identiﬁed as two types of instruments by using the data of two types
of instruments for testing data. It was veriﬁed that the sound of each instrument was
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rightly estimated, and distinguished under sound data of some instruments were mixed.
Here, the result of estimation and distinction under the sound of two mixed instruments
were explained.
There are ten combinations of choosing two instruments from piano, synthesizer, acoustic guitar, electric guitar, and electric bass. These classiﬁcation experiments were done
considering all combinations, and the result is shown in Figure 4. In Figure 4, the estimation accuracy of the electric bass is the highest and followed by a synthesizer, electric
guitar, piano, and acoustic guitar in that order. This result is the same as that shown in
the previous subsection.

Figure 4. Result of classiﬁcation to two types of instruments
The relation of iteration and estimation accuracy was veriﬁed by classifying two diﬀerent
instruments as shown in Figure 5. This accuracy saturated after approximately 1,000
times.
3.3. Classification accuracy. In the former subsection, the results on single classiﬁcation and classiﬁcation to two types of instruments were shown. Finally, the classiﬁcation
of more than two instruments was veriﬁed. Figure 5 shows that the relation between
the combination of the instruments and the percentage of correct estimation could not
be described; thus, it veriﬁed the relation between iteration of learning and the average
percentage of correct estimation. According to the result shown in Figure 5, it was found
that the identiﬁcation accuracy gets worse as the number of classiﬁed instruments increases. The identiﬁcation accuracy of classiﬁcation to two and ﬁve types of instruments
is approximately 80% and 40%, respectively. Thus, the smaller the number of classiﬁed
instruments, the better the identiﬁcation accuracy.
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Figure 5. Estimation accuracy of each classiﬁcation
4. Consideration. From the result of the experiments, we found that the frequency
spectrum identiﬁes the sound source of instruments after learning by neural networks.
Though only the frequency spectrum was used for training data in the experiments of
this paper, the shape of the frequency spectrum of piano and acoustic guitar, synthesizer, and electric guitar resembles. Thus, this resemblance in the shape of their frequency
spectrum makes it diﬃcult to identify the sound of the instruments. Here, we discuss the
characteristics and classiﬁcation accuracy of each instrument from the following considerations.
4.1. Piano. The extent of the pitch of a piano is wide, and the sound of the bass range
and high range is quite diﬀerent. Thus, the sound identiﬁcation of the piano was a good
result.
4.2. Synthesizer. Synthesizer is the only electrical instrument used during the experiment. The voltage-controlled oscillator is a built-in synthesizer, and this oscillator created
the basic waves, including sine wave, saw wave, triangle wave, square wave, white noise,
and so on. Thus, the sound wave consists of regular waves, compared to other instruments’ sound waves, and it suggested that the classiﬁcation accuracy of the synthesizer
was relatively high.
4.3. Acoustic guitar. In this paper, the classiﬁcation accuracy of acoustic guitar was
relatively low because the number of data sets of acoustic guitar was 782, which is relatively smaller than other instruments. This is due to the low acoustic guitar sound samples
of Apple Loops, compared to other instruments. Also, the low accuracy of the acoustic
guitar was due to the acoustic characteristics, caused by the wooden body of the acoustic
guitar.
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4.4. Electric guitar. In many cases, the eﬀector is used for playing electric guitar to add
distortion component, like overdrive or distortion, to sound. In the experiment of this paper, there were a lot of sound sources, in which the eﬀector like overdrive or distortion was
used. When the distortion of the sound is strengthened, the high-pitched components on
the double (overtone components) become stronger concerning the fundamentals. Thus,
the graph of the frequency spectrum rises because the fundamentals and the frequencies
of the electric guitar were on the double. Considering this, the classiﬁcation of the electric
guitar is relatively done well.
4.5. Electric bass. From the frequency spectrum, the frequency of electric bass was
concentrated on low frequency compared to other instruments. Thus, especially in the
case of binary classiﬁcation, the classiﬁcation between electric bass and other instruments
seems to be done well.
5. Conclusions. Herein, a method of sound identiﬁcation using neural network is introduced, and ﬁve sounds: piano, synthesizer, acoustic guitar, electric guitar, and electric
bass sounds, were classiﬁed. From the result of experiments, the estimation accuracy of
the electric bass is the highest, followed by synthesizer, electric guitar, piano, and acoustic
guitar, in that order.
In future research, the number of data of acoustic guitar could be increased, and the
deep neural network structure could be considered to improve the accuracy of identiﬁcation. Additionally, we could verify how to improve the identiﬁcation accuracy if the
number of test data is increased.
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