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Fig.1 Temporal distribution of different stages of epileptic seizures
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Fig. 2 Typical epileptiform waveforms in EEG
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Fig. 3 Time—domain waveforms of three stages of epileptic seizures ( the horizontal axis represents the EEG signal

sampling points with a sampling rate of 256 Hz and a duration of 190 s

)[37]
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Table 2 Summary of changes in neurodynamic characteristics based on EEG signals before epileptic seizure
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(SEEG) A AR
CHB-MIT NEBERMT . R R AERT2 000 s U EEH0.5~8 HzAHS it e 5 5 42 T [42]
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HBUHT J S URE AT B FROEE B AR 22 RUBE AR,
FEET I S 20U BLDA J7 iR X A& VR . fi
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A, Cui 55 1 38 o 5 A IR R 0 & AR ] 3 R i 4
PN i HL A S AT A, R i 4 A5E A  Kernel -
ELM X RRIE P SI3E1 74025, 7F Kaggle $di 4 1
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Table 3 Summary of recognition of epilepsy seizure prediction based on EEG signals
#3 ETRABESHERAZ TR AN IEH
EVE/IES RSN oy AEAY REE/%  HRTNEZEMAT %0
W& 5 51 5
Freiburg 4" H(EE & BLDA 85.11 0.08 [63]
CHB-MIT Bag-of-Wave Kernel-ELM 98.89 — [66]
Freiburg  RIEBIIME /3R CNN BLDA 87.70 0.25 [58]
Bonn  LLE. iTfulf§. 67 MSVM 96.80 — [47]
CHB-MIT B 4% . CNN ELM 95.85 0.045 [70]
Bonn  ZIHEA S E XG-boost 93.46 — [40]
CHB-MIT
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IRIES 2 Tk
CHB-MIT ZtilJi. hEIEHE. HHCRE. MR, it LSTM 99.62 0.11~0.02 [68]
CHB-MIT DCAE Bi-LSTM 99.72 0.004 [69]
CHB-MIT J&#B4r T XA e, [R5 B R 1E Mv-CGRN 94.50 0.118 [71]
Freiburg STFT CNN 90.8 0.08 [60]
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CHB-MIT =%, SRk CAD-CNN 97.10 0.029 [31]
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Features and Recognition of Epileptic Seizure
Prediction Based on Electroencephalogram Signals®
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Abstract The method that decoding the electroencephalogram (EEG) signal from abnormal epileptiform
discharge activity of neuron clusters in the preictal states can significantly decrease the lesions by predicting
epileptic seizures effectively and implementing interventions in patients before the onset of seizures, and thus is
considered the hotspot of the current research in epilepsy prevention and treatment. The key to epileptic seizure
prediction based on EEG signals lies in the identification of abnormal states in the inter-ictal and pre-ictal states.
Studying the differences in neurodynamic characteristics between the above two states contributes greatly to
clarifying the pathogenesis of epilepsy, and is of great value for the prevention and prognosis of patients. By
extracting the high-resolution features from the neurodynamic characteristics, the onset of this progressive disease
can be effectively identified. Despite the prevailing feature extraction and pattern recognition methods have been
investigated sufficiently, it appears that the existed research ignores the importance of identifying changes in
neurodynamic characteristics for seizure prediction. Pointing at the deficiency aforementioned, this paper
summarizes five typical analysis methods of seizure prediction in neurodynamics, including time domain,
frequency domain, time-frequency domain, nonlinear dynamics and global synchronization analysis, as well as
their specific characteristics. Since multiple properties of EEG before epileptic seizures, such as amplitude, phase,
transient frequency, band power, brain area energy, system and dimensional complexity, and global
synchronization level, will change correspondingly with the abnormal activity of brain neuron clusters, the
dynamic changes of neurophysiological features are analyzed with emphasis to research neurodynamic properties
from inter-ictal to pre-ictal. In addition, the prevailing machine learning and deep learning methods of feature
recognition are compared. Facing the current challenges, this study finally synthesizes the latest findings in this
field, aiming at providing new insights for establishing accurate and efficient technology for epileptic seizure

prediction.
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