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Development of Embedded Machine Learning with GAN-Driven Data Augmentation for EEG-

Based Absence Seizure Detection

=

gunsal Tanauwed! afidaid dnavie! 36 Wusums? onsal Ssusradali’ nquate valn® waz magll auysel!

q

MANFATIAINTINTIIY AMYIMINTTUAIENT PHAINTAINMING 1S

2ppdniennssulii aagdmnssueans Pansaluining sy

NUNTYNERS ANZLNNEAERS TNaINTalINg 1Ry

UNANED

U3 Ted tduen1IWRAILISEUUATIITUDIN1TT NIl
(Absence Seizure) Iﬂﬁi‘fﬁl%ﬂﬁﬂﬂﬁﬁﬂui‘wdLﬂ%iE)GLLUUE]ﬂc‘QWJ’JR]’]ﬂ
ﬁ’iyiyﬁmﬂﬁlulvﬂﬂﬂauaﬂ (Electroencephalography : EEG) 1agil
Wananew elaiunsansaaduernistnuuunuaaiaedag
lulasaeulnsataesndsausi munzaniunisldauluguuuy
gunsalauldavionnmild Insldundeyadyyin EEG uHy
NILUIUNIINTOIFYYIN N15wUe wagldimelialassneufing
WUU3a314 (Generative Adversarial Network: GAN) \ielfiuusunm
doyanadeunartoyatunisinlunalasengUssamifieuiuy Long
Short-Term Mermory (LSTM) wagvinnisnnaaulumaiiadnaduae
dyuad EEG 97u0u 4 esdnygyned (F7, F8, T5, T6) ntuanduu
Fosduayrauvde 2 way 1 Yesdunamudiiy Weusuruintes
Tunalannsaindngssuuiiild venanildvasesiundisg
vasdyaadedetunn fie wuu 2 Juniieduiias 1 Sunfiuas
1 Junilvdiuiay 0.5 Junit Inednyaniidnanduiiegng 200 Hz e
mmsﬁamﬁﬁﬁqmwamiwmamwudﬂmLmaﬁﬁwm%ﬂmaﬁﬁwm
Y09 F7 wagdygIuIneIn1stniiass 698 3u1ﬁlﬂwqﬂ?1mfu
annsonsduTanafiinenisdnldednsivsyansamlneliian

Al 90.3% AU 89.5% wavanunsatlueanwmuge

Y

seuuilaflalngldmiteninud) RAM 23.44 KiB wag 1u78A1480
Flash 7.97 KiB deuansliiduiannudululalunisirlama LSTM
wildnussuululasaeulvsaaesnadanus Wewwugunsalai

Tadsuns199ue1n1STNLUUAULIAD39

v

A1EIA Y 81N15T NN D, N1TLTBUT ve AT BILUUR a6,

5y

lulasreulvsameindsnud, aunsalindyaraunduliihaueaiuy

o

w1, taseaneufinsuuuiashe

*HUseiusuTINna

Abstract

This research presents a development of a system for
detecting absence seizures using embedded machine learning
techniques based on electroencephalogram (EEG) signals. The
goal is to achieve real-time seizure detection using low-power
microcontrollers suitable for wearable or portable devices. The
EEG signals were processed throusgh filtering, segmentation, and
augmented with synthetic data generated by a Generative
Adversarial Network (GAN) to increase both training and testing
datasets. A Long Short-Term Memory (LSTM) neural network
was employed for classification. The proposed model was
tested using EEG signals from four channels (F7, F8, T5, and T6),
which were subsequently reduced to two channels and then to
a single channel in order to minimize the model size for
embedded deployment. Additionally, experiments were
conducted with window sizes of 2 seconds with a 1-second
stride and 1 second with a 0.5-second stride, where each 1-
second signal was sampled at 200 Hz, to identify the optimal
configuration. The experimental results showed that the model
developed using the F7 channel together with 698 seconds of
synthetic seizure data as training input achieved effective
detection performance, with a sensitivity of 90.3% and a
specificity of 89.5%. Furthermore, the developed model was
successfully deployed on an embedded system using only
23.44 KB of RAM and 7.97 KiB of Flash. These findings
demonstrate the feasibility of implementing LSTM models on
low-power microcontrollers to develop wearable devices for

real-time seizure detection.
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