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Electrocardiogram signal extraction from signal-channel Electromyogram signal

*Saki Yamada

and  Yasue Mitsukura (Keio University)

Abstract— In this paper, we propose the method for extraction ECG signal from EMG signal measured by
single-channel electrode. In this research, we perform optogenetics in mice. Optogentics is a new technology
which allows us to stimulate the targeted neurons illuminating the targeted area. In this study, we stimulate
serotonin neurons in the dorsal raphe nucleus which would be related to anxiety, fear and depression. In order
to analyze the effect of the stimulation, we measure bio-signals in our experiments. We especially focus on
ECG signals to observe autonomic nervous system. However, there are problems of invasive and instability
with ECG measuring. Then, we propose the method for extraction ECG signal from EMG measured by
single-channel electrode using Constrained Non-negative Matrix Factorization. Since we are going to use
RR intervals of ECG signal in the future, the accuracy of separation is evaluated by the number of R waves

detected from extracted ECG signal.

Key Words: source separation, ECG, EMG
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Fig. 1: Optogenetics experiments
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Fig. 2: ECG mesaurment
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Fig. 3: Electrocardiography
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Classification of Pain Using the Simple EEG Device

* J. Kagita, Y. Mitsukura, (Keio University)

Abstract—

The final aim in this paper is to classify pain degree by only using the simple EEG (electroen-

cephalogram) device. In clinical care, pain degree is imperative for choice and assessment of the treatment. Pain
rating scales such as the VAS (Visual Analogue Scale) and NRS (Numerical Rating Scale) are usually used to
attain pain degree, although they are only capable of acquiring subjective values. From that, study for the com-
pletion of a system which can measure objective degree of pain has great importance. As the preceding studies
have suggested a decrease of grey matter in subjects who have experienced pain, we first tried to achieve the
difference in EEG between subjects who have experienced pain and not. Using frequency analysis and SVM
(Support Vector Machine), we have classified 100% in LOOCV (Leave-One-Out Cross Validation) accuracy.
We tried to achieve the difference in EEG while the subject is in pain and pain-free. Using the same methods as
above, we achieved 97% LOOCYV accuracy. These results show that classification of pain degree using only the

simple EEG device may be feasible.
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Fig. 1: International 10-20 system and
the mounted Mind Wave Mobile
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Fig. 2. PSD Value of 1-35 Hz for
respective data
(a): Healthy Control data
(b): Normal data
(c): Menstrual data
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A Tumor Detection System on Gastrointestinal Walls
in Double Contrast X-ray Images based on Autoencoding Neural Network

«T. Isokawa, A. Nishimura, T. Minemoto, N. Kamiura, and N. Matsui (University of Hyogo)

Abstract— Double contrast (DC) X-ray images are useful and cost-effective for the diagnosis of stomach
tumors. However, it is difficult to automatically extract tumors from these images, due to the variations in
the tumors appearing in the images. This paper presents an automated scheme for detecting tumors in DC
X-ray images, based on feedforward neural networks as autoencoers for patches in DC X-ray images. The
performances of the scheme are demonstrated by using artificial and actual DC X-ray images.

Key Words: Double Contrast method, tumor, autoencoder, feedforward neural network
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Fig. 1: Animage by double contrast gastrography. (a)
Whole of an image and (b) subregions in the image
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(b)
Fig. 2. Patches obtained from a double contrast X-
ray image. (a) and (b) Pathches without tumors, (c)
a patch containing a benign tumor, and (d) a patch
containing a malignancy tumor
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Fig. 4: Block diagram for detecting tumors from
patches of a DC X-ray image
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Fig. 5: A scheme for generating artificial patches for
gastrointestinal wall
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Fig. 6: Examples of artificial generated patches. (a)
A patch without tumors and (b) a patch with tumors

A5, BN Z =V OEREIZEWT, M2RET 58
HEMMZHET S XS ICESHZ, HIES X —
VOERFEETS. ZOATNAR—IZBWTHIR
@E%%@ﬂ?évz%AﬁﬁéD£SK%d<$E

DOFER L HEET 5. DoRS D mpin B & rpay 130
%@Erﬁ4x ZEbE 3, 121HET D, FHEEE
BeE 7500 #2, 7 A NSRBI 2500 L T 5. E
BRiE R % Fig. 8 1TRT. AMHIES XU DoRS &0
< FH:D ROC Hi#ED AUC I3 ZFNEF4 0.684, 0.580 T
HY, KFEDIFED DEREAE W

4.2 B XREE%E AR

IV a— X EHEGZEHER0E X il
F=R2N—210) Zxig e U, AtEzdEAd5. 2
DT —RR—=ZZIFEE (N B) @mE&S 11 %, Bt
@@(BP@)%@GE@ﬁSW BN (BD 24)

BULHEGL 8 M, BHERERL (MP 1) 25 OE &N
5W,%@%H(MDW)% LEGD 4 WEEN
5. Mt OB ZELBIT 2510 x 2000 DE L (66 ) &
1670 x 2010 OEf (10 #%) HBIFEAET 5. BHREY A X
X ZNE N 0.15mm/pixel, 0.1 mm/pixel TH5. §
Nf@ﬁ@®ﬁ%#4f%06mmmmduﬁzé.%
FEDRAEIX 10bit TH 5. HiwsElird & CWRE I I
DVWTEHT = ER=AEDOERIIZL B ATy F%
ZEIVMERT S, FETIREREEG (NE) 28458
5. MHTIHERE (N8 RO %2 x4 &

T 5. Y - b e B IC B S EHEEE RN
3. ZOHHERIZOVWTIZERENERLEZE D%

Ans., hifjgoa=y M Nyq 2 64 & L, ZTDMD
FEMEIANTIRE =2 HWEZEREFRL T 5. ROC
iR % X 9 12”93, ROC HifRD AUC 12 0.597 72 5.
fEROH % Fig. 10 1R

11

= —— BHE N =10?
— BN =10°
—— BN = 10"

081 - B

06} e B

True positive rate

0.2} ,," -

H,/

olz | | 1 |
0 0.2 0.4 0.6 0.8 1

False positive rate

Fig. 7: ROC curves with various numbers of images
in learning autoencoders
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Analysis of Semi-Asynchronous Evolutionary Algorithm for Multi-Objective
Optimization Problem with Evaluation Time Bias

«T. Harada (Ritsumeikan University) and K. Takadama (The University of
Electro-Communications)

Abstract— This paper analyzes the influence of the evaluation time bias in multi-objective optimization
problems to a semi-asynchronous evolutionary algorithm. The semi-asynchronous asynchronous evolutionary
algorithm we proposed is a novel parallelization approach of evolutionary algorithm that waits some solutions
to generate new solutions, unlike the conventional synchronous approach waits all solutions for the next
generation. This paper conducts the experiment on the typical multi-objective optimization benchmarks
with evaluation time bias depending on the objective function value. We compare the synchronous NSGA-
11, the asynchronous NSGA-II, and the semi-asynchronous NSGA-II on the simulated parallel computing
environment. The experimental result revealed that the semi-asynchronous NSGA-II that waits small number
of solutions outperforms the synchronous and the asynchronous NSGA-II even if the evaluation time is biased.
Additionally, it was revealed that the search area of the semi-asynchronous NSGA-II is biased toward the
area where the evaluation time is short if the number of waited solutions is small.

Key Words: Semi-asynchronous evolutionary algorithm, multi-objective optimization, evaluation time
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Semi-asynchronous EA (a=0.5, waiting two evaluations)
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Fig. 2: Semi-asynchronous (¢ + aX) EA where A = 4
slave nodes and the asynchrony parameter o = 0.5,
i.e., n = a\ = 2 evaluations out of four slave nodes
are waited to execute the master process
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Table 1: The result of A%%

time

with the positive correlation

d ZDT1 (A7) ZDT12 (AZY)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02| 1L.7%A 13.5%hA 122%A  9.6%a  8.7%h  5.2%A 22%  5.1% 22%  27%  03%  1.6%  30%  2.0% -55%Y 1A%V
04 | 25.2%A 26.8%a  25.2%A  25.9%A  23.5%A  20.0%A  17.6%A  39%a || 28.1%4  27.5%A  24.0%  233%a  208%a  22.9%A  18.6%s  5.6%

d ZDT3 (AP%) ZDT4 (AP )

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02 | 13.3%A  120%A  9.6%A 10.6%a  7.2%A  4.7%A 32%  -2.9% || 11.7%4 50%  62%  71% 32%  05%  25%  -21%
04 | 21.6%A 23.4%a 18.0%A -63%A  16.6%A  121%A  12.3%A  2.7% || 23.5%4  18.5%A  20.8%A  20.8%A  16.7%A  12.2%A  12.6%s  6.3%

d ZDT6 (A7) WFG2 (A7)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02 | 10.4%48  9.6%A  7.9%A  64%A  47%A  21%6  -L9%V  -5.1%V 83% 15.8%s 133%a  1.6% 74%  34%  51%  3.9%
04 | 22.1%A  209%a  214%A  202%A  18.9%A  15.5%A  12.8%A  15% || 17.7%a  221%A  14.0%A  194%a  15.0%  10.9%A  151%s  -5.1%

d WFG3 (A7) WFGH (A7)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02  -35%  -06% 3.3%  09%  -1.2% -T.9%V  -42% -9.6%V 8.3% 63%  7.9% 8.3% 13%  -16%  -21%  -6.3%
04 | 181%A 21.0%a 13.6%a 17.1%a  10.8%A  11.9%A  114%A  -3.8% || 19.0%4 21.9%A  192%A  16.0%A  17.5%8  15.0%A  12.2%8  1.3%

d WEGS5 (AFT) WFG6 (AFE)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02  46%  -34% -46%V  -3.9%  -5.9% -13.7%V -10.0%V -9.4%V 238%  28.8%  10.6%  203%  214%  220% 21.9% 27.1%
04 | 56%A  8.7%a  53%A  45%A  34%  -34%  24%  -41% || 371%  34.9%A  38.7%A  32.5%A  43.4%n  422%  31.3%  7.5%

d WEG7 (A%%) WEGY (AT

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02  26%  41%  27%  -55% -9.5%V  -TA%V -122%V  -1.2% 52%  52%  41%  2.6%  05%  -3.6%  33%  0.0%
04| 4.8%a 3.9%48  48%a  6.2%n 4.4% -1.6% -0.6% -6.4%v 8.2% 10.0%a 1.9% 3.0% 7.3% 4.2%  9.0%a  -11.0%

Table 2: The result of AfZﬁw with the negative correlation
d ZDT1 (AJR) ZDT2 (AJY)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 05 0.01 0.02 0.04 0.05 0.1 0.2 0.25 05
0.2 26%  3.0%n 25%  0.%  -04% -31%V -6.6%Y -5.0%V || 6.0%A  4.3%4 0.6% 9%  07%  26% -88%Y -95%V
04 | 12.9%A 14.6%a  102%5  9.7%a  84%s  3.1%a  2.9%  -09% || 145%a  13.7%a  19.8%a  14.9%s  21.0%a  14.2%A  8.0%A  3.6%a
d ZDT3 (AT) ZDT4 (AJY)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 05 0.01 0.02 0.04 0.05 0.1 0.2 0.25 05
02| 4.0% 2.7% 03%  21%  25%  -3.0% -41%V -9.4%V 29%  2.8% 0.9% 20%  -31%  42%  62%  -43%
04 | 20.8%A  18.0%a  17.6%s 19.0%a  15.3%s  143%a  9.9%  8.0% 2.4% 6.5% 27%  9.5%n  82%A  0.9%  -1.6% 1.6%
d ZDT6 (AP WFG2 (A% )

0.01 0.02 0.04 0.05 0.1 0.2 0.25 05 0.01 0.02 0.04 0.05 0.1 0.2 0.25 05
02| 82%A  7.0%A  6.9%6  63%A  28%A  05% -L5%V -6.3%V 19%  -15%  1.8%  51%  -12%  -7.6% -102%  -2.3%
04 | 20.2%A  18.8%a  18.7%s 17.8%a 15.8%a 12.8%a  10.7%a  0.6% || 7.0%5  8.0% 3.8% 0.9% 3.5% -123%V  -4.4% -14.2%V
d WFG3 (AF) WEGA (AF)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
0.2 44% 51% 11.8%s  3.6%  26%  1.6%  1.0%  36% || 205%a 193%s  19.0%a 22.4%A  17.3%A  16.3%A  9.1%A 43%
04 | 127%A  11.6%A  13.2%4  109%A  114%A  22%  22%  -2.0% || 204%a 31.5%A  26.1%A  26.7%A  23.7%A  23.0%A  19.7%A 4.9%
d WEG5 (AS%) WFG6 (A5 )

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.2 0.25 0.5
02| 89%A  93%a  9.8%s  65%a  81%s  2.6%  0.0% -7.0%Y || 21.2%s  140% 175%a  5.a%s  13.1% 6.6% 438%  -41.9%
04 | 27.7%A  245%A  247%A  25.7%A 24.6%A  21.6%A  19.0%A  3.0% || 208%a  37.8%A  20.9%A  -6.4%A  33.1%A  -615%  34.6%A 5.4%
d WFGT7 (AP% ) WFG9 (A7)

0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5 0.01 0.02 0.04 0.05 0.1 0.2 0.25 0.5
02 | 1L1%a  93%a 121%a  10.1%a  74%a  2.0%  L1%  24% || 195%as  17.6%A 19.9%a  16.9%4A  15.0%A  108%  14.6% 3.4%
04 | 20.6%A 22.4%a  22.0%8  21.8%a  22.0%A  19.0%A  15.2%A  -14% || 32.2%4  29.8%A  30.8%A  26.5%A  27.0%A  24.1%A  24.2%A 0.3%
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Identification of Functional Activities in the Brain

when Hearing Unpleasant Sounds using Near Infra-Red Spectroscopy

* M. Endo and Y. Mitsukura (Keio University)

Abstract—

The purpose of this study is identification of functional activities in the brain when

hearing unpleasant sounds using Near Infra-Red Spectroscopy (NIRS). Hearing unpleasant sounds
has deleterious emotional effects and a previous study found particular electroencephalogram signals
when hearing unpleasant sounds. That is, hearing them have a relationship between hearing sounds

and functional activities in the brain.

We measured using NIRS. The data are analyzed by 1% order auto-regression model and two sam-
ples t-test. As the result, we confirmed 16 significant activities and more significant activities on the
right side of the brain than the left side. From this result, we could identify the activating area by

hearing unpleasant sounds.

Key Words:

1 Introduction

Sound is vibration of air which always multifariously ex-
ist in our life, and they elicit human emotions. The sounds
are transmitted from any organ near the ear to auditory region
in the brain, and transformed into an electrical signal. The
electrical signal is transmitted to the frontal region in the
brain. The frontal region in the brain is the region where takes
a decision on human unpleasant feeling based on processing
at the frontal region. That is to say, the frontal region assumes
high-order functions such as thinking and creativity. Above
all, the unpleasant sounds multifariously exist as “noise,” and

hearing unpleasant sounds has deleterious emotional effects".

Moreover, according to the previous study, it is clear that
there are particular electroencephalogram (EEG) signals
when hearing unpleasant sounds®. Namely, hearing unpleas-
ant sounds has a connection with functional activities in the
brain. However, the degree and influence on activation in the
brain by hearing these sounds haven’t been clear yet.

To clarify that the degree and influence on function in the
brain, observation of varying oxygenation in the brain cortex
is effective for identification of functional activities in the
brain when hearing unpleasant sounds. It is well-known that
the amount of variation of oxygen during brain functional ac-
tivities can be measured by non-invasive brain functional
measurement device named Near Infra-Red Spectroscopy
(NIRS). The device captures information about the amount
of oxygenated hemoglobin (Oxy-Hb) by difference between
amount of incident light on light emitter and amount of de-
tection light on photo-detector. Oxygen in the human body is
carried by hemoglobin. If the oxygenated hemoglobin re-
leases oxygen, it will be deoxygenated hemoglobin. There-
fore, the amount of oxygen consumed will increase if the
point of activated brain region is expanded or the function is
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reacted. NIRS has some advantage of easy to prepare for
measurement, low impact on subject, and higher time reso-
lution than other non-invasive brain measurement devices
such as fMRI(functional magnetic resonance imaging) and
PET(positron emission tomography).

Therefore, the purpose in this study is identification of
functional activities in the brain when hearing unpleasant
sounds using NIRS.

2 Experiments

Four students (three male and one female aged from 22
to 25 years old) participated in this study. All subjects were
healthy. The experimental flow consists of consecutive rest-
ing for 30s and hearing unpleasant sounds for 30s (see Fig.
1). During the experiment, the eyes were closed.

The sounds for experiment are five kinds of daily life
noise mandated by the environmental agency, the sounds of
vacuum cleaner, a fan gunning, a motorcycle engine, a crowd,
and a laundry machine. Subjects listen to these sounds ran-
domly.

The measurement device is NIRS. It can assess changes
in the concentration of Oxy-Hb of the human cortex. NIRS
had less binding force to the head and is not uncomfortable,
so it could measure brain functional activities in a state which
is close to real life conditions. Data were acquired using a
3x5 optode set, that included 22 channels (seven photo-de-
tectors and eight light emitters) (see Fig. 2). The probe set
was placed on a specialized bathing cap for fixation of the
electrodes and attached on the scalp. The middle optode of
the bottom row was set to Fpz according to the international
10-20 system (see Fig. 3) for assuring minimum variability
between sensor position across multiple subjects as well as
coverage of frontal cortex regions.

In this study, data about the amount of Oxy-Hb were used
for analysis.

3 Analysis Methods

3.1 Preprocessing

Acquired data were separated into two kinds of sections
(resting and hearing unpleasant sounds), and baseline correc-
tion was applied on each section. Thereby, the two types of
section were acquired each subject and each measurement
point on Oxy-Hb.

3.2 1% order auto-regressive modeling

The auto-regressive (AR) model is one of the time-series
modeling methods which estimates future value based on
past data. Furthermore, since data are stochastically modeled,
all of the data can be utilized. We employed first-order AR
model for preprocessing data. The higher the order of AR
modeling was, the lower its general versatility was. It was
because high order AR model will be very complicated. This
analysis method was employed for each subject and each
measurement point. The first-order AR model is shown as
follows:

22

x(t) = ax(t—1) +€(t)

where x(t), x(t —1), a, and £(t) were values at the
times t and t — 1, AR coefficient, and error value, respec-
tively. For fitting observations with AR models, maximum
likelihood estimation and Yule-Walker’s method were used.
The AR coefficients express weight of the past measurement
data. The AR coefficient is a value representing the im-
portance of measurement data.

3.3 Two samples t-test

The two samples t-test is a method to compare the change
between two individual samples based on t-distribution. In
this study, we employed the statistical test (level of signifi-
cance is 5%) using AR coefficients acquired during resting
and hearing unpleasant sounds for each measurement point.
Then, we obtained the t-value which expresses the degree of
difference between two states for each measurement point.
The t-value 7 was calculated as follows:

ah - ar
’1
H(shz + Srz)

where, a,, a,, and n were the average AR coefficient
when hearing unpleasant sounds, average AR coefficient
during resting state, and number of subjects, respectively.
Furthermore, s, and s, were the standard deviation when
hearing sounds and the standard deviation during resting
state. The t-value would be large if the difference between
two states was large, variance was small, or the number of
subjects was large.

Subsequently, we made a color map using the t-value. In
this paper, the t-value translated to the degree of brain func-
tional activity. When the difference is large, the t-value is
large and turns red on the color map. Reddening in the color
map expresses that oxygen concentration in blood of the ob-
served region of the brain is large. Therefore, it means that
the neurons are active.

T

4 Results and Discussions

The result of the two-sample t-test is shown in Fig. 4 and
table 1. The color map is colored based on the t-value, and
the number characters in it represent the measurement points.
The side of numbers 5 and 14 is right side of the brain. Black
number characters represent points where a significant dif-
ference was confirmed. On the other hand, white number
characters represent points where a significant difference
was not confirmed. Significant difference was confirmed
mean that t-value exceeded the critical value (2.07). Further-
more, the bigger the t-value, the more different the functional
activities in the brain are between two states. Fig. 4 and table
1 shows that there are significant differences on 16 of the
measurement points of the frontal region on the brain. The
areas showed clear statistically significant difference in acti-
vation when hearing unpleasant sounds.
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Fig. 4: The color map of t-value

Table 1: Result of two samples t-test
(“*” means that there is a significant difference, and “n. s.”
means that there is not a significant difference.)

Measurement point 1 2

Result n.s. *

3 4 5 6 7
* n.s. * * n.s
8 9 10 11 12
n.s. * * * n.s.
13 14 15 16 17

s * * * *
18 19 20 21 22

* * * * *

That is, the degree and affected areas when hearing un-
pleasant sounds can be identified. This result will help to de-
cide measurement points in future experiments. Next we in-
tend to measure the electroencephalogram around the area
which showed significant activation in this study. The elec-
troencephalograph is able to measure action potentials in the
brain, and we can get multimodal influence of unpleasant
sounds on the brain.

5 Conclusion

The purpose of this study was identification of functional

23

activities in the brain when hearing unpleasant sounds using
NIRS. We measured functional activities in the brain when
resting and hearing unpleasant sounds using NIRS, and ana-
lyzed acquired data. As the result, the activating area was
identified by using color map.

However, the number of subjects is statistically few. Fu-
ture works include increasing the number of subjects and
measuring electroencephalogram and NIRS at the same time.
In doing so, we would multimodally identify the influence of
functional activities in the brain when hearing unpleasant
sounds.
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Deep Learning based Computer-Aided Diagnosis System
for Mammographic Lesion Detection

xS. Suzuki (Tohoku University), X. Zhang (Sendai National College of Technology),

N. Homma, K. Ichiji, Y. Uozumi, Y. Takane, S. Yanagaki, Y. Kawasumi,
T. Ishibashi, and M. Yoshizawa (Tohoku University)

Abstract— In recent years, deep convolutional neural network (DCNN) has widely been applied for image
recognition, and shown a remarkable performance in various natural image-related applications. However,
for medical image-related application, due to the limitation of training data and the difference between the
natural and medical images, training the DCNN for medical image recognition is still a research topic. In
this paper, we propose a DCNN-based method for lesion detection in mammograms. The proposed method
consists of the following two steps. Given a mammogram, several lesion candidates with various locations
and sizes are firstly detected and extracted from the mammogram based on their intensity characteristics.
Secondly, a transfer learning-based method is applied for training an existing DCNNTf to classify the lesion
candidates into lesions or normal tissues. The candidate detection and the DCNN-based classifier are tested
on a public mammogram database. Compared with several previous studies, our proposed method researched
a higher true positive rate and a lower false positive of lesion detection.

Key Words: Deep convolutional neural network (DCNN), Computer-aided diagnosis (CAD), Mammogram
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Fig. 2: GMM-based breast segmentation and target region detection
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Fig. 4: Workflow of candidate region extraction
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Table 1: Experimental data (Number of ROIs)
Training data | Test data H Total

Mass 509 91 600
Normal 1,624 258 1,882
Total 2,133 349 2,482
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(b)

Fig. 10: Examples of detection results

(a) Detection result (b) Candidate regions

Fig. 11: Detection result with very large ROI
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Classification of Mammographic Masses by Deep Learning

xS. Suzuki (Tohoku University), X. Zhang (Sendai National College of Technology),
T. Sasaki (Kyoto University), N. Homma, K. Ichiji, Y. Uozumi, Y. Takane, S. Yanagaki,
Y. Kawasumi, T. Ishibashi, and M. Yoshizawa (Tohoku University)

Abstract— Classification of benign and malignant masses in mammogram is one of the most difficult tasks
in development of mammographic computer-aided diagnosis (CAD) system. This paper presents a deep
learning-based method that utilizes a deep convolutional neural network (DCNN) to classify mammographic
masses into two classes: benign and malignant masses. In order to train the DCNN to mass classification,
a transfer learning strategy which pre-trains the DCNN on a large-scale natural image database and subse-
quently fine-tunes the DCNN on a relative small-scale mammogram database is used in this study. We test
our method on the mammogram database and evaluate the classification performance using a receiver oper-
ationg characteritic (ROC) curve. The experimental results demonstrate the area under the curve (AUC) of
ROC is about 0.8 that is closed to the performanceof radiologists.

Key Words: Deep convolutional neural network (DCNN), Computer-aided diagnosis (CAD), Mammogram
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Fig. 1: Examples of benign and malignant masses in

mammogram regions of interest (ROIs). (a) Benign
masses with a well-defined and sharp boundary. (b)
Malignant masses with blurred and spiculated bound-
ary.
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Fig. 2: Architecture of the AlexNet?) which consists of 5 convolutional layers (convl~5), 2 normalization layers
(norm1, norm2), 3 pooling layers (pooll, pool2, and pool5), and 3 fully-connected layers (fc6~8).
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Fig. 3: The pre-trained AlexNet in which the last fully-connected layer (fc8) is modified by two neurons
corresponding to the benign and malignant masses.
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Table 2: Confusion matrix of mass classification.

Prediction outcome

Positive Negative Total
) True positive (TP) | False negative (FN)
Malignant
True 77 30 107
diagnosis . False positive (FP) | True negative (TN)
Benign
39 81 120
Total 116 111 227
ce TP ) oo TN _
Sensitivity = gp gy ~ 72.0%; Specificity = txpp = 67.5%
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Fig. 4: Error rates of mass classification in the train-
ing phase and test phase.
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Fig. 5: The ROC curve of the classification of malig-

nant mass.
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Design of an EEG-based brain-computer interface using
motor imagery for wheelchair control

«P. Roussel and Y. Mitsukura (Keio University)

Abstract— Brain-computer interfaces (BCI) offer to some severely disabled individuals the possibility to
interact with their environment by using their brain activity as a control signal for an external device. In
particular, people unable to use conventional physical interfaces would benefit from brain-controlled assis-
tive mobility devices such as electric-powered wheelchairs. Motor imagery can be performed by disabled
individuals and produces distinct brainwave patterns that can be noninvasively measured using electroen-
cephalography and used to produce a control signal for a mobile device. In this paper, a BCI specifically
designed for the control of wheelchair is proposed. It aims to achieve reliability by restricting the command
sequence and using an associated classification procedure that enables to differentiate two non-control states.

Key Words: Brain-computer interface (BCI), electroencephalography (EEG), motor imagery (MI), support
vector machine (SVM), principal component analysis (PCA), wheelchair control

1 Introduction

Electroencephalography (EEG)-based brain-
computer interfaces (BCI) for the control of mobile
devices can particularly benefit to severely disabled
individuals. While many projects could achieve very
satisfying results by using external stimuli to facil-
itate the translation of brain signals into a control
signal, the realization of an stimuli-independent,
self-paced BCI achieving a good enough accuracy
to be used in real environment remains challenging.
Motor imagery (MI) can be performed by people
with severe motor disabilities and seems a logical
choice for a BCI related to mobility. MI triggers
frequency changes in the EEG — namely a decrease
in the spectral powers of the p (7.5-12.5 Hz) and
(12.5-30 Hz) bands. The reliability of MI-based BCI
depends on its ability to distinguish the different
commands but also to identify the non-control (NC)
state during which the user should be able to focus
on other activities without involuntarily triggering a
command.

It is important to define a robust NC state in order
to design a BCI suitable for the control of a physical
device!). Some previous studies aim to solve the prob-
lem by using a distinctive "switch” command for ac-
tivating the BCI system?. If the NC state can be dis-
tinguished accurately enough from the control states,
it allows the user to use the BCI in a spontaneous
self-paced way. In the case of a BCI operated by us-
ing MI, it seems that the NC state is distinguishable
enough to allow the user to go forward and stop in a
self-paced way in a virtual environment®.

However, in order to facilitate the detection of the
transitions from NC to MI and from MI to NC, it can
be useful to take into account the multiple physiolog-
ical phenomena that this NC state covers. Indeed,
the two types of transitions provoke specific types of
frequency changes in the EEG respectively known as
event-related desynchronization (ERD) and synchro-

nization (ERS)*. Consequently, the NC states before
and right after performing MI show different charac-
teristics. The ERS shows a transient power increase
and a sustained high average value in the beta and mu
bands and the ERD consists in a transient decrease
and a sustained low value in these band powers®9).
These phenomena can be seen in the average spectro-
gram in Fig. 1.

The following study therefore aims to evaluate

pre-MI | MI execution I post-MI
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Fig. 1: Average spectrogram during a MI task on all
the experimental data for the electrode C3. The first
dotted line corresponds to the stimulus asking to the
subject to practice one of three type of MI and the
second one corresponds to the stimulus indicating to
stop MI (see Fig. 3).

whether the consideration of the NC state as two dis-
tinct states and to can benefit to the realization of a
brain-actuated wheelchair within a particular control
strategy.

2 Methods
2.1 The control strategy

In accordance with the objective of controlling a
wheelchair, the control signal produced by the BCI
system is considered as a 4Hz sequence of commands
corresponding to the wheelchair movements ”turn
left” (L), ”turn right” (R) and ”go forward” (F).
These commands are respectively associated to left,
right and both hands MI. When no Ml is detected (NC
state), either "stop” (S) or "stay still” (SS) should be
issued depending on the situation. The NC states be-
fore and after MI are respectively called pre-MI and
post-MI.

Instead of solely realizing a 4-class classification pro-
cedure which can lead to insufficient reliability, a dif-
ferent strategy has been considered. In constraining
the user to use the ”stop” command between two dif-
ferent types of commands, the system is allowed to
take advantage of the particular nature of the post-
MI NC state. Fig. 2 shows the two types of classifiers
being used; the first type distinguishes the 4 classes
whereas the second one only discriminates the post-
MI state against MI. This new paradigm is believed to
improve the detection of the ”stop” command while
the wheelchair is moving and to make it easier for the
user to keep moving in a selected direction.
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Fig. 3: Cues forming a experimental task block.

The present study therefore exposes a method to de-

termine whether the distinction of the NC states can
be beneficial to the classification accuracy of the MI
and NC data. In order to focus on the NC state de-
tection, the three types of MI are considered in this
study as a unique class.

2.2 Data acquisition

The experimental data was acquired on a healthy
subject using a g.USBamp recording device. The 9
channels of the 10-20 electrode placement system F3,
F4, P3, P4, T3, T4, C3, C4, and Cz as well as elec-
trooculogram (EOG) and both forearms electromyo-
gram (EMG) were recorded at 512Hz and highpass-
filtered at 0.1Hz. EMG signals were checked during
the experiments in order to ensure that no real motor
action was performed.

2.3 Experimental protocol

The subject had to perform specific motor imagery
tasks based on cues displayed on a screen. As shown
on Fig. 3, a basic task block consists in a presentation
of a specific MI task, a pre-MI NC state, a MI execu-
tion period and finally a post-MI NC state. The pre-
sentation step is realized in order to obtain a reaction
time as short as possible when the MI exection stim-
ulus is shown. The subject was told to avoid moving
during the whole experiment, to perform left, right or
both hands kinesthetic MI during the execution time
according to the direction of the pointer and to relax
during the other steps. A session was composed of 9
task blocks, 3 for each type of MI in a random order.
2 experiments were carried out on 2 consecutive days,
each consisting of 4 sessions.

2.4 Data processing

Large Laplacian filtering was applied on C3 and C4
signals using the data of the surrounding electrodes
in order to partially remove the external noise. The
power spectral densities of the two signals were com-
puted on 1-second Hamming windows with 87.5%
overlap in order to obtain an 8Hz sequence. Only the
frequency bins comprised between 7 and 41Hz were
used in the classification process. The data was nor-
malized by computing the standard score for each fre-
quency bin power and a logarithm was applied on the
obtained values.

idling

classifier I
ERS

Fig. 4: Sequential classification process using classi-
fiers Cgrp and Cgrs and thresholds T; and T5.

no ERD no ERS

Based on the timestamp of its last sample, each win-
dow was labeled —pre-MI NC, post-MI NC, F, L, R—
depending on the cue displayed during the experi-
ment. However, in order to study the classification
of NC states, the three types of MI were simply la-
beled MI. Three 2-class classifiers were considered:

e Cgprp: pre-MI vs MI
e Cpprs: post-MI vs MI
e (Cp: (pre-MI + post-MI) vs MI

Cgrp represents a simplified version of the left clas-
sifier in Fig. 2 and Cggrg is the right one. Cy does
not distinguish between the two types of NC states.

As initial features, the frequency powers of the asso-
ciated 1-second time window (delay d = 0) as well as
those of the preceding 1-second window were consid-
ered (d = 1). A process similar to the one described

in a previous study”) was used to select features and
perform dimensionality reduction. For each frequency
bins f of the present and preceding time windows of
the class ¢, the mean p; y and the standard deviation
04,5 were computed. For each classifier the Fisher ra-
tio was used to rank the frequency bins according to
their class separability (CS):

o mpa—p2pa)? )
A= > 1)
91, fa 1 92,14

The Ngg best ranked were kept and a principal com-
ponent analysis (PCA) was performed on the corre-
sponding features. After the PCA, the Npc most im-
portant components were kept for the classification
process. Finally, all the features were normalized by
means of standard score (zero mean and unit standard
deviation for each component).

2.5 Machine learning

The classification was implemented by using the Sup-
port Vector Machine (SVM) with a radial basis func-

tion (RBF) kernel provided by the LIBSVM®) algo-
rithm. The two parameters of this model are the
penalty parameter C' and the RBF parameter . Only
the data of the first experiment was use in this step.
For various parameters Nog and Npe the following
classification 3-step process was applied on the data
of the first experiment:

1. Computing a feature set by using parameters
NCS and Npc

2. Finding the parameters C' and 7 that maximize
accuracy

3. Training on 75% of the features and testing on
the remaining part

The classifiers having the best performance on the
second experiment (see Tab. 1) were then selected
in order to ensure their generalization capabilities.
The final classification scheme uses the two classifiers
Cgrp and Cgprg in a sequential process showed in
Fig. 4. The values of the thresholds 77 and Ty were
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Table 1: Accuracy and parameters of the best clas-
sification achieved on the second experiment for each
type of classifier. All classifiers were trained on the
first experiment.

Classifier Accuracy Nes Npe
CgrD 69.3% 10 3
CERs 75.1% 8 1
Cy 71.9% 8 6

Table 2: Accuracy and error rate during NC state for
both the sequential classification process and Cy with
optimized thresholds.

Classifier Accuracy NCepror
Ciseq 66.1% 14%
Co 66.2% 18%

optimized in order to minimize the ratio of misclassi-
fied samples during the NC state NCp,..,- while main-
taining the average accuracy of the sequential process
above 66%. In order to compare this process with a
single classifier scheme, the same process was applied
to Cp with a simple threshold.

3 Results

The accuracy of the selected classifiers (see Tab. 1)
is satisfying given the nature of the classes and the
length of the time windows use for feature computa-
tion. It is also interesting to notice that the classifiers
which perform the best in generalization use a small
number of frequency bins.

The results of the final evaluation can be seen in Tab.
2. Even though the gap does not allow for categorical
conclusion, the fact that Cy., obtains a lower error
during NC state than Cj tends to confirm the possible
benefit of the proposed scheme.

4 Discussion

The present study gives a positive insight on the pro-

posed method. In order to draw a more rigorous con-
clusion, the number of subject should be increased
and a third experiment should be added in the proto-
col in order to test the generalization capabilities of
the sequential classification process.

The recorded EOG may also be used to confirm that
ocular artifacts do not influence the classification. If
they do, it could be used for further denoising by using
adaptive filtering.

5 Conclusion

This work showed that the assumption of a dual na-
ture of the NC state in a BCI operated by MI might
improve the reliability of the control of a mobile de-
vice. It also shows that having a sequential classifi-
cation process as proposed in this paper allows for a
tuning of the trade-off between the maximization of
the global classification accuracy and the minimiza-
tion of the misclassification during NC state.
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Tinnitus Detection and Distress Estimation Using Prefrontal Cortex Electroencephalogram

* M. Matsuoka and Y. Mitsukura (Keio University)

Abstract—

In this paper, we aim to classify tinnitus patients and healthy controls, and estimate tinnitus dis-

tress using prefrontal cortex electroencephalogram (EEG). Conventional methods of investigating tinnitus are
subjective and need long time. In this research, we used prefrontal cortex EEG because the relationship between
tinnitus and prefrontal cortex has been revealed. EEG data and questionnaire about distress were obtained from
40 tinnitus and 40 controls. We classified tinnitus and controls with amplitude spectra calculated EEG data and
achieved 70% classification accuracy. In addition, we found 9 Hz spectra was related to distress. As a result,
there is some possibility of investigating tinnitus using EEG.

Key Words:

1 Introduction

The purpose of this paper is to classify tinnitus patients
and healthy controls and estimate tinnitus distress level us-
ing prefrontal cortex electroencephalogram (EEG). Tinnitus
is a phenomenon that a person hears sounds even though
there is no sound source. These sounds can only be heard
by the patients. The prevalence of tinnitus in the population
is estimated at 10-20% [1]. Tinnitus distress is related to
emotional health as depression and anxiety. Depression and
anxiety were enhanced at tinnitus onset in patients with
high distress [1]. Therefore, tinnitus should be treated be-
cause of the negative effects.

There are two kind of tinnitus that are objective tinnitus
and subjective tinnitus. Other people can hear objective tin-
nitus and they can’t hear subjective tinnitus. Objective tin-
nitus is caused by ears and mouth muscles being cramped
or hearing blood vessel noise. This is thought to be caused
by a part not related to the brain and hearing sense. On the
other hand, it is said that subjective tinnitus is caused by an
abnormality of the ear and the brain, and mainly by damage
of the inner ear due to aging and noise. A person with this
tinnitus hears the continuous sounds which are like pure
tones. It is difficult for the doctor to grasp tinnitus at the
clinical site because other people can’t hear subjective tin-
nitus. In this research, we focused on subjective tinnitus.

At the clinical site, Questionnaires and examination
equipment are used to evaluate the tinnitus symptoms (dis-
tress, loudness and tone) at the clinical site. Latter method is
used to recognize pitch of tinnitus. Patients compare their
tinnitus tones with pure tones coming from an audiometric
equipment. Then, they choose one pure tone which is the
closest to their tinnitus tones. In clinical practice, doctors
usually diagnose the state of tinnitus. However, these con-
ventional methods are subjective and it takes about 2 hours
to investigate tinnitus symptoms. So these inspection is a
burden to patients with tinnitus.

Therefore, our final goal is constructing a simple and ob-
jective investigation method for tinnitus using prefrontal
cortex EEG. Tinnitus may be caused by brain abnormalities
and related to prefrontal cortex [3, 4]. Furthermore, the pre-

Tinnitus, Distress, EEG, Prefrontal cortex
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Table 1: THI score and tinnitus distress level

THI 0-16 18-36 38-56 58-100
score

Distress pon— mild moderate severe
level distress

Patients 7 9 1 13

number

frontal cortex is also associated with tinnitus distress [4,5].
Hence, prefrontal cortex EEG may be an effective indicator
to evaluate tinnitus. We use a simple electroencephalograph
(Figure 1) to measure the EEG signal. Since we can meas-
ure EEG data with this devise easily, we thought that it is
suitable for practice use. As the first step, we aim to classify
tinnitus patients and healthy controls and estimate tinnitus
distress level.

2 Experiments

40 patients with tinnitus patients (22 males, 18 females;
age: 60.51+10.3 years) and 40 healthy controls (22 males,
18 females; age: 60.4+9.62 years) participated in this study.
They sat on a chair and wore the EEG measurement device
(Figure 1). Then, we recorded the resting state EEG signals
for 30 seconds with their eyes closed. EEG measurement
was conducted twice including 30 seconds break. The
measurement point was Fpl based on the international
10-20 system (Figure 2). The sampling frequency was 1024
Hz. After measuring EEG, we made questionnaire survey to
patients with tinnitus. We used tinnitus handicap inventory
(THI). The questionnaire can evaluate the degree of tinnitus
distress experienced in everyday life with tinnitus. THI
score is given on a scale of 0 to 100 because there are 25
items in this questionnaire and people answer each question
in three stages 0, 2, 4. Distress are divided to 4 level by THI
score. Table 1 shows the relationship between THI score
and the distress level of tinnitus. From the experiments, we
obtained EEG data and questionnaire about the degree of
tinnitus distress.

PG0008/17/0000-0039 © 2017 SICE



Table 2: The classification accuracy between tinnitus and controls

. Significant Classification Precision [%]
Comparison . —
difference accuracy [%o] Tinnitus Controls
Tinnitus vs Controls 13,14 Hz 71.3 85.0 57.5
Mild or more symptoms tinnitus vs Controls 13 Hz 67.1 84.8 57.5
Moderate or more symptoms tinnitus vs Controls 9,13 Hz 70.3 79.2 65.0
Severe symptoms tinnitus vs Controls 9,13,21 Hz 86.8 69.2 92.5

3 Analysis methods

In the analysis, we used 60 seconds EEG data and THI
score. EEG data was low-pass filtered below 30 Hz and fast
Fourier transform with hamming window was applied per
second. Then, the amplitude spectra were obtained every 1
Hz and we got 60 data from each subject. In this paper, we
focus on the 19 frequency bands (4-22 Hz per 1 Hz). After
frequency transformation, the frequency bands were nor-
malized for each subject so that the sum of spectra is 1. Fi-
nally, we classified tinnitus patients and healthy controls
using Support Vector Machine (SVM). To investigate the
difference of EEG data due to tinnitus distress, we divided
tinnitus patients to 2 groups by distress and classified them
using SVM. We used regression analysis to investigate the
correlation between tinnitus distress and EEG data. In this
paper, we use the Leave-One-Subject-Out Cross-Validation
(LOSOCYV) method to evaluate classifiers. One subject data
was taken evaluation data and the other data was taken
learning data. This process was repeated until each subject
data has been taken for evaluation. After this method, the
classification accuracy and precision were obtained.

4 Results

In this section, we show the results of significance test and
classification.

4.1 Classifying tinnitus and healthy controls

Figure 3 shows mean amplitude spectra for tinnitus pa-
tients and healthy controls. We found significant differences
at 13 and 14 Hz amplitude spectra (significance level: 10%)
and the classification accuracy was 71.3%. We divided tin-
nitus patients at the stage of severity and examined signifi-
cant differences between mild or more symptoms tinnitus
patients and healthy controls, moderate or more symptoms
tinnitus patients and healthy controls, and severe symptoms
tinnitus patients and healthy controls. We found significant
differences at 13 Hz, 9 and 13 Hz, and 9, 13, and 21 Hz
(significance level: 10%). The -classification accuracies
were 67.1%, 70.3%, 86.8% respectively. Table 2 shows
these results and each precision. The higher distress patients
feel, the higher classification accuracy was. As a result, we
thought the higher the distress was, the larger the difference
in EEG between tinnitus patients and healthy controls.

Fig. 1: EEG measurement device

Fig. 2: International 10-20 system
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Fig. 3. Mean amplitude spectra of
tinnitus and controls
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Table 1: The classification accuracy between 2 groups of tinnitus

Comparison (Tinnitus) Selected Classification Precision [%]
P feature accuracy [%] Distress: low Distress: high
non-distress vs The other symptoms 9 Hz 92.1 80.0 93.9
Mild or less symptoms vs 9 Hz 763 571 875
Moderate or more symptoms
Severe vs The other symptoms 9Hz 65.8 85.2 15.4

4.2 Estimating tinnitus distress level

We divided the tinnitus patients into 2 groups according to
the tinnitus distress level in order to compare 2 groups (Ta-
ble 3). We found a significant difference in 9 Hz amplitude
spectrum between B: mild or less symptoms and moderate
or more symptoms, and C: moderate or less symptoms and
severe symptoms tinnitus patients. Figure 4 shows mean
amplitude spectra of mild or less symptoms and moderate
or more symptoms tinnitus patients. We applied simple re-
gression analysis with 9 Hz amplitude spectra as the objec-
tive variable and THI score as the explanatory variables.
Then, we found negative correlation between them (Figure
5). We also classified tinnitus patients between A:
non-distress and the other symptoms, B: mild or less symp-
toms and moderate or more symptoms, and C: severe and
the other symptoms using SVM. The classification accura-
cies were A: 92.1%, B: 76.3% and C: 65.8% respectively.
Table 4 shows these results and each precision.

5 Discussion

In this section, we discuss the results.

5.1 Classifying tinnitus and healthy controls

There were differences in EEG data between tinnitus and
controls. The prefrontal cortex is related to cognition and
emotion of sound [4]. We considered that tinnitus changed
brain activity and it appeared in EEG. The classification
accuracy between tinnitus patients and healthy controls was
71.3%. This is not enough considering actual use. So it is
necessary to improve the classification accuracy. It is ex-
tremely dangerous to misidentify tinnitus patients as healthy
controls in the clinical site as it leads to misdiagnosis.
Therefore, even if a high classification accuracy is obtained,
it is hard to say that it is a good classification when the pre-
cision of tinnitus patients is low. In this paper, the precision
of tinnitus patients and healthy controls were 85.0% and
57.5%. Therefore, although the classification accuracy was
not sufficient, we thought that it was a good because the
precision of tinnitus patients was high.

5.2 Estimating tinnitus distress level
There were no significant differences in comparison be-
tween A: tinnitus patients with non-distress and the other
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Table 2: Comparison

A Non-distress vs The other symptoms
B Mild or less symptoms vs
Moderate or more symptoms
C Severe vs The other symptoms
0.15
mm : mild or less
— : moderate or more
T :standard deviation
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Fig. 4. Mean amplitude spectra of tinnitus
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Fig. 5. Relation between 9 Hz spectra and THI
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symptoms, but we obtained high classification accuracy.
Although there were significant differences in comparison
between C: tinnitus patients with severe and the other
symptoms, we obtained low classification accuracy. We
consider that one of the causes of this difference is the dis-



persion of data. As can be seen from figure 5, the dispersion
is large in tinnitus patients with low distress (THI: 0 - 40),
but the distribution of the amplitude spectra is uniform in
tinnitus patients with a high distress (THI: 40-100) and the
dispersion is small. We considered that it made the classifi-
cation accuracy different that different dispersion for each
distress level. In this verification, we divided tinnitus pa-
tients to two groups and classified them. There was a dif-
ference in the number of people in the compared group.
Therefore, it is necessary to increase the number of tinnitus
patients and verify the results again.

6 Conclusions

In this paper, we aimed to classify tinnitus patients and
healthy controls and estimate tinnitus distress level using
prefrontal cortex EEG. As a result, we were able to classify
tinnitus patients and healthy controls about 70% accuracy.
Furthermore, we found a negative correlation between 9 Hz
amplitude spectrum and tinnitus distress. From these results,
there is some possibility of investigating tinnitus using
EEG.
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Improvement of Consumer-Grade Brain-Machine
Interface Accuracy through Preliminary Signal Analysis

*G. A. Goussarov and Y. Mitsukura (Keio University)

Abstract— The aim of the present research is to create a brainwave controlled wheelchair based on Elec-
troencephalographic data, with the express intention of using foot motor motion or foot motion imagination
as a control scheme, and a consumer-grade electroencephalogram as an input device. For this method to be
effective, it is necessary to separate the signals corresponding to the foot motion from other kinds of signals.
In this paper, we show that this task is feasible and it is possible to separate signals obtained during foot
motion, hand motion, teeth clenching and inaction without the need for an extensive training period.

Key Words: Brain-machine interface (BMI), electroencephalography (EEG), Weelchair Control System

(WCS)

1 Introduction

In this paper, we evaluate the feasibility of using
Event-Related Desynchronisation (ERD) and Event-
Related Synchronisation (ERS) related to foot Motor
Execution (ME) without subject training as an input
method for a Wheelchair Control System (WCS) for
patients suffering from spinal cord injury who often
lose control over their legs, which results in an in-
ability to move without a wheelchair. While a lot of
research has been performed on the subject of WCS’s,
there are still many issues, including long training
time of both the patient and the machine (currently
around one to two weeks), and a long period of use
is necessary before the WCS becomes easy to use. A
reliable and easy-to-use WCS which leaves the user’s
hands free and does not require extensive training of
either the user or machine has yet to be proposed.

We have conducted a number of experiments to col-
lect data as the basis for a future classification algo-
rithm for smooth control of the wheelchair.

2 State of the Art

Hands-free wheelchair control can be achieved in a
number of ways. Possible options include eye track-
ing techniques, voice commands * 2), and Electromyo-
grams which detects the activity of muscles 2. How-
ever, using these techniques might get in the way of a
normal daily life, as they require the user to activate
parts of their body which would be used for some-
thing else. An interesting alternative method is elec-
troencephalography which measures signals directly
from the scalp and does not require equipment which
would strongly inconvenience the user. Therefore, an
Electroencephalogram (EEG)-based WCS might not
interfere with normal daily life. Other schemes for de-
tecting brain activity such magnetoencephalography
exist, but they are less portable than EEG’s.

The concept of direct Brain-Computer Interfaces
(BCI), also known as a Brain-Machine Interfaces

(BMIs) has been proposed as early as 1973 3). Since
then, a large number or publications has been made
describing various mechanisms which could be used
to control prostheses based on brain-wave analysis.
A number of approaches has been proposed to con-
trol a wheelchair using EEG-based BMI’s. Common
techniques % ® involve the use of Steady State Visu-
ally Evoked Potentials (SSVEPs), the P300 Event-
Related Potential (ERP), Motor Imagery (MI) or
Mental tasks. In many cases, one of these approaches
is supplemented by another system, such as a collision
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avoidance system. Such systems are referred to as hy-
brid WCS’s. Systems based on SSVEP’s or the P300
wave are called synchronous since measured signal oc-
cur at a known time after and external stimulus whose
onset is known. These have a high accuracy but also
a slow response time. On the other hand, MI-based
systems are asynchronous as they do not require an
external signal but have relatively low accuracy and
may require training the user, where the duration has
been reported to vary greatly, ranging from minutes

to months® .Furthermore, these systems rely primar-
ily on hand MI, which may reduce the usability of such
systems since MI and ME activate the same regions of

the brain”, which means that using their hands may
produce undesired commands.

Another problem of the above systems is that they
rely on research-grade EEG systems, which require
another person to help the user install the EEG. The
alternative is consumer EEG, but these suffer from a
reduced number of electrodes, usually located on the
forehead.

Taking all this into account, the present research
attempts to extract foot ME signals using a small
number of electrodes. We show that it is possible
to separate signals obtained during foot motion, hand
motion, teeth clenching and inaction without the need
for an extensive training period.

3 Materials and Methods

A total of 13 subjects (8 male, 5 female) partici-
pated in the study. Subjects were asked to perform
various motions through prompts appearing on a com-
puter screen placed in front of them. A short de-
scription of the tasks was given to each participant
before the experiment. No further training of any
kind was performed. Brainwave data were collected
for 45 events of foot motion, 15 events of hand mo-
tion and 10 events of jaw clenching for each session.
Proper execution of each motion was verified visually.
Arm, neck and eye motion signals were also consid-
ered, but were not measured after feedback from the
first participants, indicating that the sessions were too
long, which could have an impact of the quality of the
recorded signals, since fatigue affects brainwaves. The
number of sample epochs for each kind of signal can
be found in table 1.

Data recordings were made using the Guger Tech-
nologies (g.tec, http://www.gtec.at/) g. USBAmp sig-
nal amplifier, with 5 sintered Ag/AgCl active elec-
trodes. These were placed at locations Fpl, Fp2, C1,
Cz and C2 of the international Ten Percent Electrode

PG0008/17/0000-0043 © 2017 SICE



Sample Type [ Num. per Session
Foot motion 45
Left 15
Right 15
Both 15
Hand clenching 15
Left 5
Right 5
Both 5
Jaw clenching 10

Table 1: Number of recorded signal epochs by type

System (10-10 system)® (see fig.1) and complemented
by 1 reference electrode located at AFz and a ground
electrode located on the right earlobe.

Fig. 1: Available electrode positions on the g.tec cap.
Positions used for acquisitions are highlighted and
their names are indicated.

The typical session proceeded as follows:

Prior to any experiment, the subject was asked to
complete a consent form, informing them to the way
data which they provided would be handled. They
were then seated in front of the computer screen, and
the EEG cap was put on without electrodes. The
experimenter then moved the hair below the relevant
electrode positions out of the way before inserting the
electrodes in the appropriate slots. The electrodes
had been pre-emptively connected to the amplifier,
which was itself connected to a computer whose screen
could not be seen by the subject. This was done to
reduce the time subjects spent doing nothing. The ex-
perimenter then briefed the subject about what they
would do during the experiment if necessary, complet-
ing the setup phase.

Each session contained 5 independent trials (see ta-
ble 2), each corresponding to a specific type of motion.
Trials 1, 3 and 4 contained written instructions be-
fore the trial itself, while trials 2 and 5 only informed
the subject that instructions were identical to trial
1. After this, the subject had to look at a cross for
30 seconds to extract baseline information. Then, a
symbol appeared which would prompt the subject to
perform one kind of motion, followed by a cross in-
dicating they should stop moving, which is referred
to as the 'rest’ state. This alternation of motion and
rest was then repeated multiple times, until the next
trial or the end of the session. A short 1 minute break
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where subjects could move however they wanted was
present between successive trials.

Trial Total . Content
Duration
15 Foot ME events
Foot motion ~7 min (5 Left, 5 Right, 5
Both)
15 Foot ME events
Foot motion ~6 min (5 Left, 5 Right, 5
Both)
15 Hand ME
. events
Hand clench ~5 min (5 Left, 5 Right, 5
Both)
Jaw clench ~4 min 10 Jaw Clench
Events
15 Foot ME events
Foot motion ~6 min (5 Left, 5 Right, 5
Both)

Table 2: Number of recorded signal epochs by type

It should be noted that participants had to perform
the motion as soon as the prompt appeared instead of
having some time to prepare. While this causes the
actions to begin and end slightly after the recorded
time-stamp, it provides a clear separation between
epochs of rest and actions. On the other hand, in-
forming the subjects of coming events results in diffi-
culties when classifying measurements.

4 Results

The analysis of signals can be separated into two
successive analysis steps. The first step was the sepa-
ration of foot motion signals from artefactual signals,
illustrated here by hand motion and jaw clenching,
while the second will consist of separating the three
kinds of foot motion (left foot, right foot, and both)
from each other.

Previous research suggests that detection of ERD’s
and ERSs should be easily observable by analysing
the changes in band power for the alpha (7 to 13Hz)

and beta (14 to 28 Hz) brainwaves 9. However, our
preliminary experiments have shown that while these
observations are verified on average, they cannot be
used as unequivocal indicators of actual events. Fur-
thermore, the actual frequency ranges affected dur-
ing motion vary on an individual basis. Therefore,
in this research, the logarithm of the power spectral
density was used to generate feature vectors for each
sample. These feature vectors were then labelled ac-
cording to the supposed nature of the event they were
taken from, and passed through a Linear Discriminant
Analysis algorithm to create a classifier for separating
the rest state from the motion state.

In order to properly evaluate differences between
subjects, the first imperative was to properly anno-
tate the data by detecting the exact moment when
the transition between brain states occurs, as the re-
action times of subjects, which introduces a delay in
relation to the prompts which appear on screen, is
not known a priori. These reaction times were esti-
mated using three separate approaches. The first was
through observation of the average spectrogram (see
fig.2), the second was through an estimate based on
the reaction time for jaw clenching which can easily
be detected by a simple threshold (results in fig.3),
and the third was through the use of a pattern search
algorithm which attempted to minimize the number
of samples when rest was misclassified as activity or
which were ignored due to having an uncertain nature
(results in fig.4).



All three methods produced an estimated time de-
lay varying between 0.5 seconds and 1.5 seconds, with
an uncertainty period of varying between 0.3 and 1.2
seconds, depending on subject and the method em-
ployed, with the pattern search method usually pro-
ducing lower estimates in terms of delay but high vari-
ability in terms uncertainty period (some subjects had
uncertainty periods as short as 0.3 seconds while for
others, this value reached 1.2 seconds) compared to
the other results. Full results will be presented at the
conference.

Power Spectral Density ( log scale )

time (s )

Fig. 2: Average Event spectrogram. The red line indi-
cates when the subject was instructed to begin moving
their foot, and the black line indicates when the sub-
ject was instructed to stop moving their foot, subject
2
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Fig. 3: Distinction between rest and foot ME using
the jaw-clench-based time estimation, vertical lines
indicate the range containing 95% of samples, subject
2

5 Discussion

While the first method, observation of the aver-
age spectrogram produced good results with one sub-
ject for whom more samples were collected, in general
this approach proved to be ineffective. The second
method, use of jaw clenching data, was shown to pro-
vide decent results. However, the use of the pattern
search algorithm illustrated that choice of the lag time
and period of uncertainty was not unequivocal (i.e. it
is possible to chose an incorrect delay). The number
of subjects was also insufficient to properly describe
the time delay, and its variance on a session to session

45

0.035

|

FME
=R
— REST 95

0.0B

0.025

0.02

0.015

0.04

0.005

%

-5

-4

3 -2 -1 0 1 2 3 4

Fig. 4: Distinction between rest and foot ME pat-
tern search, vertical lines indicate the range contain-
ing 95% of samples, subject 2

and subject to subject basis. Creating a linear clas-
sifier on the whole population sample using fixed de-
lay and uncertainty period has provided results which
will not be usable to annotate transitions in individual
subjects.

Furthermore, the frequencies selected using the lin-
ear discriminant analysis were erratic, making it im-
possible to understand effectively which frequencies
could be used to produce accurate recognition in most
subjects. Verification of the classifiers on full EEG
data also showed that the output was extremely noisy
and would require additional signal processing to be
usable. It should however be noted that classifica-
tion of hand ME ERD’s was much more clear, reach-
ing near complete separability from foot ME ERD’s.
This explains why current systems focus on hand ME
or MI, as these signals are much more easily separable
from the rest.

Finally, our preliminary testing supported the no-
tion that brain-waves require a long time to stabilize

after ME, as suggested by Pfurtscheller et al.?).

6 Conclusion

Despite the drawbacks mentioned above, the re-
sults show sufficient promise for separability of foot
ME ERD and ERS from other states using only few
electrodes and a linear classifier to warrant further re-
search into the subject. The resulting classifier does
not require training the user.

Further work will focus on expanding the number
of samples per subject, as well as adding new ones, as
the current data size seems to be insufficient, which
results in theoretical results which do not correspond
to reality. Attempts will be made to further improve
the annotation of the ERD and ERD timestamps by
introducing data from previous samples into the sam-
ple vector reducing the reliance on absolute frequency
values. Once this is complete, ERD and ERS tran-
sitions will be annotated with more accuracy and a
classifier will be constructed which can detect these
transitions in any subject will be constructed. After
that, another classifier for distinguishing between the
different subclasses of foot ME will be created.
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