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Abstract—In this paper, we suggest learning algorithm of high
precision classifier for multivariate signal. The method deals with
environmental influences. In this proposal technique, we express
the features of the classification target and the environment in
population parameters of probability distribution. We estimate
the population parameters by using Bayesian Inference. Selecting
similar environment properly by Bayesian Decision Rule, we try
to consider environmental influences.

In evaluation experiment, we verify that proposed method
has high classification performance, and we prove that the
our method adapt environmental influences from experimental
results.

Index Terms—signal processing, Bayesian inference, EEG

I. INTRODUCTION

We can accumulate the large data of various type because
measuring technique is developing nowadays. The demand
of technique that analyzes acquired data comprehensively is
increasing, and application examples of machine learning are
also increasing.

In particular, there are many researches of machine learning.
The aim of these researches are identifying and predicting the
state. The techniques apply wide range of signal data such as
finance, voice and biological.

As one example, there is a research that learns the relation
between the characteristics of sound and the emotions. The
research identifies feelings perceived from voice [1]. This
research estimates feature of measurement voice signal using
principal component analysis (PCA) and factor analysis, and
the relation between audio signal and feeling is captured by
the feature.

In addition, there are some applied researches. One research
classifies types of the instrument from audio signal. The other
research identifies 10 types of actions of radio gymnastics by
using three dimensional time series data [2,3]. The research
of the instrument classification uses Bagging that gets clas-
sification results from majority vote of multiple classifiers.
The research of action classification uses Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA). It
classifies the 10 types of actions by using Bayesian Theory.

In the medical field of applied researches, the research uses
the platelet data as input, and identifies patients with hepatitis
B and patients with hepatitis C. Also, there is a research that
classifies the action of rock-paper-scissors by Mahalanobis
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distance. The research uses one point Electromyogram (EEG)
in measurement [4,5].

In this way, there are a lot of researches that analyze the
signal by using machine learning. The method is expected
that it is more expanded application fields in the near feature.
Therefore, it is important to establish the technique of machine
learning.

By considering diversification of data measurement, it is
necessary to deal with environmental influences. In other
words, accuracy of machine learning may decrease under
external factors (weather and physical condition) when we
obtain data of measuring instrument.

Carrying out measurement that are not affected by the
environmental influences is better to improve the quality of
data, but it is almost impossible because there are much
restrictions on the measurement. Therefore, the robust analysis
against environmental influences is necessary.

In this work, our proposed method is learning algorithm of
high precision classifier. The method is based on Bayesian
inference. The aim of method is to adapt environmental
influences. Our proposed method classifies states expressing
the features of the classification target and the environment
population parameters of probability distribution. There are
examples of studies using Bayesian Inference that estimated
shopping mode choice, driving behavior intention using infor-
mation of driver’s line sight [6,7,8].

Our proposed method can deal with environmental influ-
ences to choice the optimum environment. In the experiment,
we verify the performance of proposed method by using EEG
data. This paper shows up a brief analysis of adapting envi-
ronmental influences for the multivariate signal and evaluate
such methods.

II. PROPOSAL OF STATE IDENTIFICATION METHOD

In this paper, when we obtain datasets N with D dimen-
sions, that is acquired from measuring instruments C, we sug-
gest the method to identify states K considering environmental
influences.



A. Problem setting

X is an observed dataset N with D dimensions, that is
acquired from measuring instruments C,

X:{X<C> ,071}, (1)

c=0,1,...
where X (©) is defined by
X© = { z(© € RP

n:O,l,...,N—l} 2)

and it has been given measuring instrument c. Also, teacher
label of environment has been given by a measurement envi-

ronment
E={e,cTy|n=01,...,N—1} 3)

for an environment type M. Teacher labels of states

Z={2z,€Tg|n=01,...,N—-1} 4)
represents states K of identification target. It is assumed that
each X () is given by
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where e denotes the the measurement environment type and
z denotes the identification target state X (¢ ) -
()

(e,z)
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(7
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where each X (e.2) is the dataset with features of specified
environment and state.

In suggest method we use Bayesian inference to learn fea-
tures of each X ) . We make an assumption the probability
distribution followmg the multivariate Gaussian distribution,
and estimate the mean vector and the variance-covariance
matrix.

B. Learning rule based on Bayesian inference of probability
distribution
Under the assumption of the preceding paragraph, prior

probability PO(MEE ) A9 is defined by
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M(ez) and A .) denote mean vector and precision ma-
trix for the data set X ;). Also, posterior probability

Q) ) Al )1 X(©) is defined by
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Then, Np(x|m, A=1) expresses probability density function
of D dimensional Gaussian distribution for mean vector p
and precision matrix A~!.

Also,Wp(A|W,v) denotes probability density function of
D dimensional Wishart distribution. I is the identity matrix
of size D.

The hyper parameters of posterior probability are defined
by
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where N((z?z) is number of X ( )

(16)

(e)

Also, :E(eyz) denotes the

mean vector of sc;) and S( denotes the the variance-

(e)

covariance matrix of And (em z,) is obtained by

I[(en,zn) = (e,2)] = {1 a7

If the environment e and state of identification target z
is given in advance, we can obtain supporting degree of
measurements data { x(©) } When there is no imbalance such
as the particular situation, P (e, 2| X, { «(°) }) is defined by

p(eix o)

-1
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Then m*, Q*, f* are given by

m* =m( (19)

© Bles) v
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Sp is the multivariate t-distribution of degree of freedom f,
and it is defined by

SD(w|m7Qa f)
rl+2y 1 -4-%
=S el (1 e m Qe —m)
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where I'() is Gamma function. P (e, z| X, { (®) }) must be
standardized to
pP (e7z|X7 { x©) }) =1.

(e,z)ezT:M XT g

If M becomes large number, the measuring environment of
{ x(®) } will be found the similar environment within mea-
suring environmental types of learning data. The measuring
environment e of { z(©) } is treated as the element of T,,.

There are multiple methods that classify the state from the
supporting degree by eq.(18). As a simple example, we can
consider the method that the classification result equals to
environmental state with the maximize supporting degree.

Then, e} and 2z} are given by

(e}, z]) = arg max P (e,z|X, { z© })

e,z€Ty xTk

(24)

(25)

where 2] denotes the result of state classification and e}
denotes the environment.

When the calibration data {wgz)l} and state of target
classification z., are known, we can identify the measuring
environment by using its information. Then, the optimal en-
vironment e5 based on the maximum a posteriori probability

method is given by

e; = arg max P (e|X, { 33((:(;)1 } ,anl)

ecTy

= arg max P (e, Zeal| X, { mé(;)l }) . (26)

ecTy

Using the optimal environment that is estimated from the

calibration data, we can classify the state of the continuous
measuring data { x(®) } .

When e* is obtained by eq. (26), z5 is given by

z5; = arg max P (e*,z|X, { z© }) .

z€T K

27)

This identification method is expected to perform stable and
highly accurate classification against changes of measuring
environment because the method is not peripheralize.

In the next section, we evaluate performance of eq. (25) and
eq. (27) using EEG.

III. NUMERICAL EXPERIMENT
A. Outline

In this study, we used ULTRACORTEX MARK 4 of headset
and Cyton Board produced by OpenBCI. Then, we obtained
EEG data and evaluate the performance of proposed method to
apply the identifying state problems. This problems are total
of 4 states classification including the state of no action and
states of rock-paper-scissors.

As a target of the experiment, we pick up EEG data as
signal. Data of multiple measuring sites can be expressed as
multidimensional data. EEG may not always be able to acquire
data of the same characteristics because EEG data are biolog-
ical data that change the feature depend on user’s physical
condition and shifting measuring position. It is dangerous that
change in features of data leads to lower accuracy when we
predict motion by machine learning.

We suggest the robust analysis method that deal with
environmental influences such as the attachment of measuring
instrument and user’s physical condition. Our method is based
on theory of Section 2.

Also, it is difficult to acquire enormous biological data
because obtaining the biological data is large burden for
people. Therefore, it is necessary to analyze something from
small amount of acquired data. Our proposed method can
analyze small amount of observed data.

Through the experiments, we verify that the suggested
method can responds to environment influences and analyze
something from small amount of data. we prove that the
method has the effectiveness.

B. Experimental method using EEG data

In the experiment, a subject attached the EEG and play
rock-paper-scissors action following instructions of the created
slide (Fig. 1). All created slide is displayed for 1 second. A
subject becomes standby state when “3” and “2” of slides
are displayed for 2 seconds. A slide of rock-paper-scissors is
displayed for 1 second as instruction slide.

A subject makes an action so as to win the the rock-paper-
scissors hand when white slide is displayed after instruction
slide.

Measuring sites of EEG is followed ten-twenty electrode
system (Fig. 2). We acquired EEG data using 8 measurement
sites (Fpl, Fp2, C3, C4, P7, P8, Ol, O2).

The experiment was carried out during 4 days (2018.5.9,
5.10, 5.11, 5.14) because it is considered that the environ-
mental influences depend on physical condition of a subject
and shifting measurement sites.

We define a set data for 4 seconds from the standby state
to the rock-paper-scissors action state in the experiment. We
obtained 100 sets of EEG data in a day. We acquired 400 sets
of EEG data during 4 days.

C. Application fo proposed method to EEG data

When we analyze EEG data, there are two way. One way
takes the reference point of potential from the earlobe. The
other subtracts the average value of each measuring sites. In
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Fig. 2. ten-twenty electrode system

this study, we adopted the way subtracting the average value
of each measuring sites. S(t) = [SM(t), SP)(t),--- ST
is given by EEG data of measuring sites C. Then, w(t) is
obtained by

c
1 c
) =559 (28)
c=1
In the measurement site c, S((]C) (t) is given by
S(t) = 8O(t) - p(t)1. (29)

Hamming window was applied to the acquired data. We
obtained power spectra by using fast Fourier transform (FFT).
The frequency band used for analysis was 3-50Hz. we divided
the frequency band into 12 bands as the feature quantity for
classification. The 12 dimensional feature vectors composed
S (t) of power in each band.

Also, using initial value of parameters are 5y = 0.1, mo =
0,v=12, D =12, K = 3,4.

D. Environmental influences

In order to check the existence of environmental influences,
environmental data of each measuring sites were applied the
frequency analysis. The environmental data are EEG data with
the standby state. There was the difference in features of
EEG data every observation day. It shows that there was an
influence by the physical condition of subject and deviation
from measuring points.

When we examined the presence or absence of environmen-
tal influences, a significant difference was found in the data
for 4 days by graphs of frequency analysis for each measuring
sites. In particular, O2 shows a clear difference. Fig. 4 shows
the graph of average power spectra in the O2. This graph is
composed data of 100 sets.

IV. THE RESULT OF NUMERICAL EXPERIMENT

To classifying the rock-paper-scissors actions, we used 1
second data while instruction slide is displayed. 2 seconds
data of the standby state is used as the environment data.
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Fig. 3. Graph of frequency analysis of CH8(O1)

The 3 states classification has rock-paper-scissors classes. The
4 states classification has rock-paper-scissors classes and the
environmental class.

We performed 6 types of verification. First, we executed 3
states classification and 4 states classification when we can
ignore the environmental influences. Next, we performed two
types of 3 states classifications that were adapting environ-
mental influences and not adapting environmental influences.
Finally, we also enforced two types of 4 states classifications
that were adapting environmental influences and not adapting
environmental influences.

As shown Table 1 and Table 2, the number of the training
data and the test data is used the 6 types of verification. The
first sets of 60 sets of acquired data was used as training data.
Also, the remaining 40 sets was used as test data.

In 4 states classification, the training data were 60 sets data
of rock-paper-scissors classes and 60 sets data of environmen-
tal class. Also, the test data were 40 sets data of rock-paper-
scissors classes day and 40 sets data of environmental class.

The 120 in Table 2 shows test data of rock-paper-scissors
classes for 3days in not adapting environmental influences.
Also, the 240 in Table 2 shows test data of rock-paper-scissors
classes and environment class for 3days

When we execute the classification adapting environmental
influences, we obtain the classification result by using eq. (27)
after finding the optimum environment of train data based on
eq. (26).

TABLE I
THE NUMBER OF THE TRAIN DATASET AND THE TEST DATASET WITHOUT
ENVIRONMENTAL INFLUENCES

Not considering
environmental influences

3 class | training data 60
test data 40
4 class | training data 120
test data 80




TABLE II
THE NUMBER OF THE TRAIN DATASET AND THE TEST DATASET WITH
ENVIRONMENTAL INFLUENCES

Adapting Not adapting
environmental influences environmental influences T
3 class | training data 60 60 g 0.40
test data 40(the optimum environment) 120(for 3days) Y
4 class | training data 120 80 © 0357
test data 80(the optimum environment) 240(for 3days) 0,30
0.251
0.20 T T T T T T
107% 103 102 1071 10° 10t
[oi
101
Fig. 5. The values of parameter o and the accuracy of 3 states classification
08 in test data
>
@ °° TABLE IV
3 THE ACCURACY OF 4 STATES CLASSIFICATION WITHOUT
2 o0a ENVIRONMENTAL INFLUENCES
024 Day1 Day2 Day3 Day4
a 0.0195 | 0.0046 | 0.0017 | 0.0011
oo train(accracy) 0.55 0.75 0.52 0.52
TS 10-¢ 103 102 101 10° 10! test(accuracy) 0.52 0.53 0.55 0.50

[0

Fig. 4. The values of parameter o and the accuracy of 3 states classification
in training data

A. 3 states classification without environmental influences

Table 3 shows the result of the classification without envi-
ronmental influences.

TABLE III
THE ACCURACY OF 3 STATES CLASSIFICATION WITHOUT
ENVIRONMENTAL INFLUENCES

Day1 Day2 Day3 Day4

« 0.000794 | 0.000114 | 0.000154 | 0.000384
train(accracy) 0.81 0.51 0.66 0.55
test(accuracy) 0.38 0.53 0.43 0.41

In this study, changing parameter is only «.. The values of «
and the classification accuracy of the train data are shown in
Fig. 6. The values of « and classification accuracy of the test
data are shown in Fig. 7. Day 2 obtained the highest accuracy
of 53 %.

Since the accuracy of the test data was relatively low and
the classification accuracy of the train data was high, we
presume that the overfitting occurred in Dayl. On the other
hand, because the accuracy of the test data and the accuracy
of the train data did not change in the other three days, we
did not consider causing overfitting.

B. 4 states classification without environmental influences

Table 4 shows the result of 4 states classification without
environmental influences.

Fig.8 shows the value of a and classification accuracy
graphs of the train data. Fig.9 shows the value of a and

classification accuracy graphs of the test data.Day 3 observed
the highest accuracy of 55 %.

C. 3 states classification with environmental influences

Table 3 shows the classification results of 3 states classifi-
cation with environmental influences. We verified two classi-
fications that were not adapting environmental influences and
adapting environmental influences.

If the data for one day was the calibration data, we selected
the optimum the environmental day from the other days. We
treated the data of selected day as the test data. This way was
performed in each day and we checked the proposed method.

« was used the value of 3 states classification without
environmental influences. Table 5 shows the result of 3 states
classification with environmental influences. The mean of clas-
sification accuracy with response to environmental influences

accuracy
°
Y

o
ks

0.24

0.0

Fig. 6. The values of parameter o and the accuracy of 4 states classification
in training data
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Fig. 7. The values of parameter o and the accuracy of 4 states classification
in test data

TABLE V
THE ACCURACY OF 3 STATES CLASSIFICATION WITH ENVIRONMENTAL
INFLUENCES
Dayl | Day2 | Day3 | Day4
Not adapting environmental influences | 0.30 0.22 0.32 0.33
Adapting environmental influences 0.35 0.37 0.43 0.40

*p < 0.05

was 38.75 %. The mean of classification accuracy without
response to environmental influences was 29.75 %. In variance
analysis, the variance ratio became 2.2 % in this evaluation.
Also, factors of classification accuracy with correspondence to
environmental influences was significance (p < 0.05).

As a result, our proposed method indicated effective in 3
states classification with environmental influences.

D. 4 states classification with environmental influences

We confirmed 4 states classification with environmental
influences as well as 3 states classification with environmental
influences. Table 6 shows the result of 4 states classification
with environmental influences. The mean of classification

TABLE VI
THE ACCURACY OF 4 STATES CLASSIFICATION WITH ENVIRONMENTAL
INFLUENCES
Dayl | Day2 | Day3 | Day4
Not adapting environmental influences | 0.40 0.41 0.49 0.41
Adapting environmental influences 0.46 0.48 0.51 0.49

*p < 0.05

accuracy with response to environmental influences was 48.25
%. The mean of classification accuracy without response to
environmental influences was 42.75 %. In variance analysis,
the variance ratio became 2.3 % in this evaluation. Also,
factors of classification accuracy with correspondence to en-
vironmental influences was significance (p < 0.05).

As a result, our proposed method indicated effective in 4
states classification with environmental influences.

V. CONCLUSION

In the present study, we proposed a classification
method considering environmental influences. Our classifi-
cation method is based on Bayesian Inference. The method
learns probability distributions. We evaluated the method. We
used prepared data of multiple environments and attempted
to respond to environment influences by seeking the optimum
environment.

In the experiment, we measured EEG data and verified
to respond to environment influences classifying rock-paper-
scissors action and no action using acquired data.

We performed classification under various the environment.
The classification accuracy we proposed method is higher
and the method indicate significance. Our proposed method
showed effectiveness to respond to environment influences in
classification in consideration of environmental change.

It is necessary to apply to other signals such as sound data
and financial data in the future.
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