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Abstract
Voices are often classified by using Recurrent Neural Net-
work and 1-Dimensional Convolutional Neural Network. In
general, Recurrent Neural Network and 1-Dimensional Con-
volutional Neural Network learn original data. In this study,
original data is replaced with surrogate data. Test accuracies
at that time are compared. In this way, we search which part
of time series data is effective for using Recurrent Neural Net-
work and 1-Dimensional Convolutional Neural Network.

1. Introduction
Neural Network (NN) is a system model on neurons of the

human brain nervous system. Among them, Recurrent Neu-
ral Network (RNN) and 1-Dimensional Convolutional Neural
Network (1D-CNN) are used for voice classification [1]-[2].
They need to learn voice waveform in advance to classify
voice. There are various characteristics depending on each
sound source. They classify voice by finding them. How-
ever, the specific judgment part is unknown. Therefore, it is
necessary to find these.

In this study, surrogate data method is used. The surro-
gate data method is creating surrogate data. Surrogate data is
data that preserves some of the statistical properties of time
series data and destroys other properties. After that, it is in-
dicated that there is a significant difference between the sta-
tistical properties of time series data and the surrogate data.
In this way, the method proves the importance of destroyed
properties.

In this study, the data learned by RNN and 1D-CNN are
replaced from original data with surrogate data. It can be
found out which part of the voice waveform is important by
comparing the test accuracy at that time.

2. Neural Network
The research on NN was established as an academic field in

1958 [3]. Since then, it has repeated the ice ages and booms
many times and now reaches the present. Currently, NN is
used in medical field, car field, home electronics field and so
on [4]-[6]. NN has two famous classification models. They
are RNN and CNN. RNN is used in fields related to time se-
ries data. CNN is used in fields related to image recognition.

The network structure of NN is divided into an input layer,
an intermediate layer and an output layer. The intermediate
layer of CNN includes convolution layers, pooling layers and
fully connected layers. Features of inputs are extracted in the
convolution layer, and position invariance is acquired in the
pooling layer. Next, it becomes the 1-Dimensional array in
fully connected layers and it changes to probability. Finally,
CNN outputs classification results by the probability. How-
ever, in recent years, CNN has also been use to time series
data. In this study, CNN is used for time series data that is
one-dimensional data to classify voice.

3. Surrogate Data Method
The surrogate data method was proposed in 1992 for chaos

time series analysis [7]. There are no necessary and sufficient
conditions for chaos. Therefore, the only way to determine
chaos is to find out that there is chaoticity. In many cases,
chaos is determined by spectral continuity, strange attractors,
Lyapunov exponents, bifurcations, and so on. However, it
has been pointed out that even with random noise alone. The
Lyapunov exponent is positive and noise and chaos cannot be
distinguished. Therefore, the surrogate data method is pro-
posed to test whether it is noise or data generated from a de-
terministic system. With hypothesis testing, it is difficult to
say that it is noise if a data passes the test. However, it cannot
be asserted that it is chaos because the surrogate data method
is based on hypothesis testing in statistics [8]-[10]. In this
study, surrogate data is created and compared the accuracy of
learning surrogate data with the accuracy of learning origi-
nal data. In this way, what characteristics of original data are
important can be found.

4. Dataset
In this study, time series data of voices are classified. Three

types of voice are prepared. In this study, they are called
voices 1, 2 and 3. Forty pieces of data for 6 second each are
prepared. Each time series data is sampled at a sampling fre-
quency 3000 [Hz]. Next, the data is augmentationed. There
are three types of augmentation. Figure 1 shows the exam-
ples of original time series data. Figures 2, 3 and 4 show the
examples of the time series data about the data is added white

2020 RISP International Workshop on Nonlinear Circuits,
Communications and Signal Processing (NCSP 2020)
Honolulu, Hawaii, USA, February 28 - March 2, 2020

307



noise, time shift and time stretch for augmentation.

Figure 1: Original data

Figure 2: White noise data

Figure 3: Time shift data

Figure 4: Time stretch data

5. Proposed Method
Four types of surrogate data are created. Surrogate data is a

destruction of some information of original data. The follow-
ing explanations (a), (b) , (c) and (d) describe how to create
four types of surrogate data.

(a) Random Shuffle Surrogate Data (RSSD)
x(n) means time function. n means time. It is RSSD data

that changes the order of n at random. The correlation of orig-
inal data is broken by converting the data into RSSD. Figure
5 shows RSSD of original data in Fig. 1.

Figure 5: RSSD

(b) Fourier Transform Surrogates Data (FTSD)

X(ω) =

n∑
n=1

x(n)e−i 2πkn
N (1)

x(n) =
1

N

n∑
n=1

X(ω)ei
2πkn

N (2)

Equations (1) and (2) show discrete Fourier Transform
(DFT) and Inverse Discrete Fourier Transform (IDFT). k
means frequency. N (= 15000) means the number of the sam-
ples.
Step 1. Calculate DFT X(ω) of x(n).
Step 2. Randomize the phase of X(ω).
Step 3. Calculate IDFT randomized X(ω).

FTSD is made in this way. The frequency distribution of orig-
inal data is broken by converting the data into FTSD. Figure
6 shows FTSD of original data in Fig. 1.

Figure 6: FTSD
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(c) Amplitude Adjusted Fourier Transform Surrogates
Data (AAFTSD)
Step 1. Prepare random numbers R(n) according to the

standard normal distribution.
Step 2. Sorting R(n) in the same size relation as x(n).
Step 3. Create R′(n) which is FTSD of sorted R(n).
Step 4. Sorting x(n) in the same size relation as R′(n).

AAFTSD is made in this way. The correlation of original
data is broken by converting the data into AAFTSD. However
AAFTSD has similar correlation than that of RSSD. Figure 7
shows AAFTSD of original data in Fig. 1.

Figure 7: AAFTSD

(d) Iterated Amplitude Adjusted Fourier Transform Surro-
gates Data (IAAFTSD)

Step 1. Prepare s(0) which is RSSD of original data as the
initial value.

Step 2. Calculate DFT S(i) of s(i).
Step 3. Replace amplitude of S(i) with amplitude of origi-

nal. Put it as S
(i)

Step 4. Calculate IDFT s(i) of S
(i)

.
Step 5. Sorting s(i) in the same size relation as original data.
Step 6. Add 1 to i.
Step 7. Repeat until i = 7.

IAAFTSD is made in this way. IAAFTSD saves the fre-
quency distribution and has similar correlation than that of
AAFTSD. Figure 8 shows IAAFTSD of original data in
Fig. 1.

Figure 8: IAAFTSD

6. Architecture
RNN and 1D-CNN are used for convention architecture.

Figures 8, 9 show the structure of RNN and 1D-CNN we
used.

Figure 9: structure of RNN

Figure 10: structure of 1D-CNN

RNN has 1024 nodes in the intermediate layer. RNN can
store past information.

Two convolutional layers and two maxpooling layers were
used for 1D-CNN. Drop out layer was prepared to prevent
over learning. We derived the probability to calculate classi-
fication results by the softmax activation function. Equation
(3) shows softmax function.

ρ(x) =
exp(xj)∑n
i=1 exp(xi)

(3)

ρ(x) is the probability of being classified as j. n is the total
number of classes.

7. Simulation Results
Forty pieces of data are prepared. Each data was augmen-

tationed to three types. After sampling them, surrogate data is
created. Furthermore, each data is divided into three pieces.
In this way, the number of data became four hundred. Table 1
shows the number of the train data and test data. Table 2 and
3 show the results of our research.
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Table 1: The number of the train data and test data

train data test data
voice 1 360 90
voice 2 360 90
voice 3 360 90

Table 2: Test accuracy of RNN

test accuracy [%]
original data 74.1

RSSD 43.6
FTSD 39.5

AAFTSD 42.5
IAAFTSD 45.0

Table 3: Test accuracy of 1D-CNN

test accuracy [%]
original data 87.9

RSSD 56.9
FTSD 75.9

AAFTSD 57.2
IAAFTSD 78.7

We investigate the average of ten times of test accuracy.
Tables 2 and 3 show that test accuracies of surrogate data
are lower than test accuracies of original time series data.
The decay rate of test accuracy of RNN of RSSD is lower
than that of FTSD. The decay rate of test accuracy of 1D-
CNN of FTSD is lower than that of RSSD. Test accuracies
of IAAFTSD of RNN and 1D-CNN are higher than those of
the other surrogate data. FTSD did not store frequency dis-
tribution of original data. RSSD did not store correlation of
original data. Therefore, it was understandable that correla-
tion is more important than frequency distribution for RNN.
On the other hand, it was understandable that frequency dis-
tribution is more important than correlation for 1D-CNN.

8. Conclusion
In this study, three types classification were carried out

with surrogate data. Then, we understood that correlation is
more important than frequency distribution for RNN. On the
other hand, it was understandable that frequency distribution
is more important than correlation for 1D-CNN.

In the future, we will find that relationship between similar-
ity of correlation or frequency distribution and test accuracy.
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