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Abstract The study of system control by EEG according to human will using a brain computer interface
(BCD is focusing on the motion of the hand, which occupies the widest active area of the brain. In this
paper, a data collection method, a preprocessing method, and a deep neural network learning method
using EMG signals are proposed for classifying EEG signals generated when the right arm is raised or
lowered. It was assumed that there is no delay in the transmission of brain signals to the muscles during
data collection, and an EMG-based EEG labeling technique was used to reduce the error between actual
intentions and EEG. Additionally, a training method that utilizes both EEG signals and EMG signals from
subjects capable of measuring EMG signals is proposed. This method applies EMG signals as weights in
the loss function to suppress the influence of noise caused by movement in the learning process and
promotes stable learning in segments where the intention to move is weak. We confirmed the possibility
of using only EEG signals for subjects for whom measuring EMG signals retrospectively is not possible.
The performance of the proposed method using EMG weights was compared to the performance of the
same deep neural network using a binary cross-entropy loss function.
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Fig. 1. Electrode attachment location for EEG and
EMG.
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Fig. 2. Acquisition procedure for experimental data.
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3. Raw data of EMG and EEG.
(a) Raw Data of EMG; (b) Raw Data of EEG.
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a: The section with intention to move in proposed method

b: The section with intention to move the arm in
event-based method

c: The section with no intention to move the arm in
event-based method

d: The section with no intention to move in proposed
method

e! The error with arm movements and rest

Fig. 4. Error in actual movement from previous
research.
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Fig. 5. Processed EEG data format.
(a) is preprocessing for time domain,
(b) is preprocessing for frequency domain.
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Fig. 6. Input form of Networks.
(a) represents a process of modifying the input form
of time-domain; (b) represents a process of modifying
the input form of frequency-domain: (c) represents
the combined form of (a) and (b).
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Table 1. Compare the accuracy of the proposed loss
function and the binary cross-entropy(%).

Loss Function State Setl Set2 Set3

Raised 49.5 28.7 42.6

Proposed Rest 69.8 89.1 88.2
Loss Function

Total 61.6 64.8 70.2

Raised 55.9 26.2 33.6

Binary Rest 63.7 88.9 86.4
Cross-Entropy

Total 60.5 63.7 65.6

28

Fig. 8-(a)= 26204 3027HA]9] Test Set19] Hdl
e, Fig. 8-(b= ARt &4 8 ARG
Tto]1, Fig. 8-(c)= Binary cross-entropys A&
Axtolt, Fig. 100014 28.5% F9] A¥}E v|wsldA
A= &4 28st9S W Binary
cross-entropye A-&3F FHTE 2 A4E0| ¥ dAH
= ¢ 5 Utk

i o

s

A=
?:]l"r’é‘

Ground Truth

Fig. 8. Comparison of output by loss functions.

At &4 = 7129 Binary cross- entropyE

A8 Wck ok W 3157 o wagA, 23 o
e RS HIY 4 ot

X 1160
Y 0.655576

X 560

Y 0.632694

—— BiraryCross Entropy

—#— ProposedLoss Function

0.65

°
>
2

s

Test Accuracy
s
5
3

0.62

TN

800 1000

Epoch

1200 1400 1600 1800

Fig. 9. History of Test Accuracy during Training for
each Epoch.



H% 4TS 018 7o) B4 W5l W EEG 24

Fig. 9°]4 E+= Hle} o] Binary cross-entropye

A85F Bl B¢ 56033}l A] Test Set9] Hat XA
e Ao, ARME &4 AE AHES Bl Fe
1,1603)2F1 At 2ghe 2& 5= AU Fig. 99
S} I AoA= Binary cross—entropyollAl 5603]}
ojgo AgLrt st AE &4 T AHS
1,1602]2} o]%of Hg=r} Hasdhs A3E Eith

Aerof o3 £4 9] Threshold ¥g}o] oI5t &4
O 2 AUROC(the Area Under a Receiver Operating
Characteristic Curve)[20]& ©|-835H Table 29} Z&
o] Yepd 4 Qltt. ROCE Positive True Rate®}
False Positive Ratel tigt A 02X A& AJcto] F

Azt B T4 FEiE SeF, Ly off HH
O] 1o 7eaE £2 dsol#ta & & itk

Table 2. Compare the AUROC of the proposed loss
function and the binary cross-entropy.
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Fig. 10. Compare the ROC curve of the proposed loss
function and the binary cross-entropy.
(a) represents a curve of test setl, (b) represents a
curve of test set2, (c) represents a curve of test set3.
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