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Abstract The brain-machine interface(BMI) is a next-generation interface that controls the device by
decoding brain waves(also called Electroencephalogram, EEG), EEG is a electrical signal of nerve cell
generated when the BMI user thinks of a command. The brain-machine interface can be applied to
various smart devices, but complex computational process is required to decode the brain wave signal.
Therefore, it is difficult to implement a brain-machine interface in an embedded system implemented
in the form of an edge device. In this study, we proposed a new type of brain-machine interface system
using IoT technology that only measures EEG at the edge device and stores and analyzes EEG data in
the cloud computing. This system successfully performed quantitative EEG analysis for the
brain-machine interface, and the whole data transmission time also showed a capable level of real-time

processing.

Key Words : Internet of Things(IoT); Cloud Computing; Electroencephalogram(EEG); Brain-machine
Interface(BMI); Real-time; quantitative EEG(qEEG)
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[Fig. 1] OpenBCI Channels (10-20 system)
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(laptop)¥ #A4 EFEAZ AZAEATE OpenBClE=
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HAECIA HlolElE £48 STRER AXT AgE
5171 YAl AWS IoT AB|AE o]&3l ;. AWS IoT
= Wi-Fi EYUE &3 Ad=Ele W dHeolHE
MQTT(Message Queuing and Telemetry Transport)
ODZEFZS o]dsto] AAZtoZ AWS(Amazon Web
Service)d] 7+ STE AH|AR HIsigict. MQTT
LZEZ2 AWS [oToA AlFdhs ZREFZA AWS
[oT SDK(APDE &3 ZEEZS ol8F 4 AUTh
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[Fig. 2] Cloud IoT Scheme for BMI
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[Fig. 3] Result of Detrend
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[Fig. 4] Results of Filtering

[Fig. 5] Results of ICA
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[Fig. 6] qEEG Result of Subject 0 and Subject 1
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[Fig. 71 qEEG Result of Subject 2 and Subject 3
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[Fig. 8] qEEG Result of Subject 4 and Subject 5
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(Table 1> Running Time of BMI - Cloud IoT System

(unit: second)
Subject Egﬁ)euf Prfg':;’gng Cloud 1o Edge | Total
) 137 1.01 124 362
s1 136 05 124 31
2 122 0.94 132 348
3 131 0.99 125 356
4 120 0.88 130 338
S5 131 0.99 131 361
Mean 130 0.88 128 346
4, 4=

2 AFAME 2 ARE BTt 2a%t Hoh 24
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