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[Abstract]

Recently, with the high interest of machine learning, the need for educational controllers to interface
with physical devices has increased. However, existing controllers are limited in terms of high cost and
area of utilization for educational purposes. In this paper, motion control controllers using brain waves
are proposed for the purpose of students' machine learning applications. The brain motion that occurs
when imagining a specific action is measured and sampled, then the sample values were learned
through Tensor Flow and the motion was recognized in contents such as games. Movement variation
for motion recognition consists of directionality and jump motion. The identification of the recognition
behavior is sent to a game produced by an Unreal Engine to operate the character in the game. In
addition to brain waves, the implemented controller can be used in various fields depending on the

input signal and can be used for educational purposes such as machine learning applications.
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I. Introduction
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II. Background

1. EEG based Machine Learning
Y IHEEG)= A7 Aol Als7t XME=E o 2Alshk=
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Table 1. Frequency of EEG
Wave Hz State
6-wave | 0.1~4 Deep Sleep or Coma

0-wave | 4~8 Shallow Sleep, Meditation

o-wave | 8~13 Relax(Large-scale neurons agree)
i |
B-wave | 13~30 Walfefulness(symmetrlca
hemispheres)
y-wave | 30~50 | Excite or Dream
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2, EEG based BCI

BCI(Brain-Computer Interface)= o} EX 2.84]
2RI FAlo] 7HsSHA st AlARIS ojulsict. ARt
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ZAutE AAH SEAIA”OIY AF FRIRA 8she



Implementation of Educational Brain Motion Controller for Machine Learning Applications 113

% 301% Aot olgg dich 2ejol w8, A, 4
Q7 T2 ofZ oA M ofjet 17, AL A 5

o og OH ARl = o] &AL AHT7-9].

Signal Processiong

Pattern
Recognition

Signal

Feature
Classification

Extraction

Machine learning based approaches

“r-

Signal Acquisition

B

@&

HUMAN Applications

Fig. 1. Schematic of BCI Components
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III. Design

1. Circuit of Motion Controller

AiRtshs w4 ZEE2]9] g2 v+ Fig. 29t o} 3
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Fig. 2. Circuit of Motion Controller
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Table 2. Specification of Controller

Specifications
Arduino 2560(R3)
Neuro Harmony S
HC-06
ZAS-MIZ-79658

Item

MCU

Brain Wave Unit
Comm. Module
Test Unit
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2. Signal Processing
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2.2 Preprocessing & Feature Extraction
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Table 3. Speed Level for Binary Sequence

Speed Level Binary Sequence
Level. 1 ooooooo00
Level. 2 10000000
Level. 3 00010001
Level. 4 01010101

2.3 Pattern Recognition & Classification
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IV. Implementation

1. Flow Chart of Tensorflow

EEG Clo|Elg M2js] 913 HAZzo0) sErt
Fig. 33} Zc}. BEG tlole] A2 215 k4 5148 4
AR 0l WP dole] go2 Ws) 2 EEG &3
clolel A #APH02 Qe wol Qe EEG co]e] 7}
o YIS Helstol 53t
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START

Identify of Data set
Epoch:

Input of edited
brainwave data

Learning of Forward
Movement Class Data

Learning of Left Movement
Class Data

Fig. 3. Flow Chart of Tensorflow
2. Flow Chart of Motion Controller
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Send to Unreal
Engine (FW)

‘ ‘ Moving Character | |

—

End of Game
YES
Stop
Transmissicn

Fig. 4. Floe Chart of Controller

3. Implementation of Motion Controller
wju} 57 AR|9) SHZke ANMEECR ApstL 2

#include <SoftwareSerial.h>
#define FW 1

int blueTx=3, blueRx=2
char *buffer, speed=0;
SoftwareSerial HCO6(blueTx, blueRx);
void setup(){
Serial.begin(9600),
Serial.setTimeout(5);
HCO06.begin(9600);
Serial.printin("START");
}
void loop(){
if(HCO6.available()){
buffer = HCO06.read();
HCO06. write(Serial.read());
if(buffer[0] >= DIR_FW) Serial.print(FW);
if(buffer[0] >= DIR_LEFT) Serial.print(LEFT);

if(buffer[0] >= JUMP) Serial.print(JUMP);
speed = HCO6.read();
Serial.print(speed);

}

delay(loop);

/

Fig. 5. Code of Controller(Arduino)
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.......................
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Fig. 6. Educational Motion Controller



116 Journal of The Korea Society of Computer and Information

Zlojct,
gistel 2Rl Wt AR 7
ATEES Tl AR L83
AOLE WL Foto] F3 Clt ALGAE A
B2 R3] 93 SAlolck. Fig. 79 37t 188 /)
1

Fig. 7. The connection between the brainwave device and
the smartphone (left), the intro of the game (center), and
the quick left movement of the character (right)

Fig. 8. Unreal Engine BluePrint

V. Conclusions
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Table 4. Result of direction experiment

Direction LEFT RIGHT UP DOWN | JUMP
LEFT 85.2 7.3 3.2 3.1 1.2
RIGHT 6.1 86.1 2.9 3.8 1.1

UP 3.8 3.9 85.4 5.1 1.8
DOWN 25 43 4.7 87.3 1.2
JUMP 3.2 1.8 3.3 3.6 88.1

Table 5. Result of speed experiment

Speed Level Lev. 1 Lev. 2 Lev. 3 Lev. 4

Lev. 1 89.8 6.8 2.2 1.2

Lev. 2 5.1 89.2 3.8 1.9

Lev. 3 1.8 48 85.3 8.1

Lev. 4 1.5 4.1 10.1 843

AEgeio] 27 2H2 sPyse) ojAleldolt Pl
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