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Efficient Deep Learning and its implementation for Robot-Based Rehabilitation
Using Brain Signals
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In this research work, we developed efficient deep-learning algorithms for
Brain Machine Interface (BMI) systems. The two main research topics were: 1) Optimization of
electrode channels to improve the recognition rate of CNNs. We evaluated the performance in motor
execution (ME) and motor imagery (MI) tasks. For channel optimization, we integrated DL and Deep
Reinforcement Learning (DQL) algorithms. The primary objective of this system is to minimize the
computational complexity and training time of the DL network without deterioration in the system
performance. 2) Training data optimization for high-accuracy EEG classification using Genetic
Algorithm (GA). EEG data from motor imagery and real hand/arm motion tasks were considered. The
developed optimized systems are implemented in efficient robotic applications. The robots are
controlled using EEG/EMG bio-signals. Such applications can be implemented in rehabilitation,
human-robot interactions, and assistive robotic systems.

BMI



¥ X C—19,. F—19—1, 2—19 (58

1. WFZEBIAA S DY 5
EE 10 FE EEZHETO2—T 4 VT 4 VAT LD ITRIFIO R WER ZE D TEY
E%®Eﬁi$&%@m%biokbfwéA WHBRLTWS, BMI (T LA v A U H—
7 x—A) 1%, FHEEG., HEMEERREE (ALS), vy 7 A VIEBERR EOREFIZE - T
I k%ﬁT EMEEFED M®$¢Gﬁmwxw77u~%ﬁﬁbf%%&ﬂﬁ%%ofw
é L L7256, EEG G5O OME OFEN, FHMEICE A2 BMI & A7 AOBR% % 3w
WCIREER DI L TWD, ZOZEO T2 3L, meﬁ@/4f%%&%ﬁﬁﬁ®%@t
KT DHZ EWZHY, BMI VAT ADMREEZA ESELZLICER LTV,

2. WEDOHB
AUFFEDERBBIL, EEG 55D/ A ARHWBREARGIEDO R I 5 Z &k »
T, BMI VA7 AOMREEXZR ESEHZ & Th D,

3. WD Fik

O bR R— 2D F ¥ 3 Vb

T/ AL, EEG T a— & —OMREA R 5 Z &< HREOEHEME & IR 2 /ME 5
ZETHhHDH, £T. FrramifbrE~v L aTRET e A (MDP) & L CERLEITR D, =
ITC, Ty R OfAEbLEERIEL L, FY¥ 3ABHEAEDEIZEMELIZHIRIND &
WREBEBDRAET D, ZOXHCF v vkl z 5> 2 & T, b8 % Hu 7= i b2y vlEe
LD, AEFEICIE, ==Yz FERBEL V) TOORARERNEGENTND, AT
ATTIF 2=V 2 FIMEBEOITENZ & D  FORREZBIER LN ORE CHEERZ1TH )
LWV T RERIRIRRBICET A ETITIEWVI LD TH D, ZOVATATIH, =—V =
N T DM AE D% EEG 7 2 — 4 —2 I L2 BRSNS EGE SN D Z kR &7 b,
X 1@ TREY AT L OMIEK TH 5,

Agent
DON = rs a)
Multi-subjects EEG Dataset D Target Subject Dataset Dy
(-
—
=
Observing E E & & d dy
serving | | gd- :
transition E, ?upulmiunP f -‘w‘ i ;u rmﬂ " e
ke.l s Genes G / B
- Do | O000En
Environment e [AEIENEEENRY | rococtoovony  Finetned nebvork
— ] n-n-n‘ ==
4 aking an e 1|1 O transfer -\
action A : i
unn-n @ ‘4 o !
................... E?G_d_'D LndbﬂulsL value L . .
Reward R/R,
%ﬁﬁﬁﬁ P ————
E= 5,4, 5| peepos
R, Donej \
a) DQN channel optimization b) Combining GA and transfer learning

1: Proposed algorithms
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a) Optimal channels b) Averaged recogn1t10n rate c) Optimal transfer learning
[X| 2: Proposed algorithms results
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a) Robot control using optlmlzed EEG channels b) Robot control using CNN in transfer learning
[X| 3: Robotic implementations
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