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A seizure detection method based on Bi-LSTM-Attention
GONG Shuaikui, JIANG Lurong, FAN Qikai

(School of Information Science and Engineering, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract; This study focuses on seizure detection within electroencephalogram ( EEG) signals for epilepsy patients, analyzing
distinctive features in epileptic EEG signals and introducing improved brain network characteristics based on the traditional EEG
signal time - frequency domain. The paper involves the decomposition and subsequent reconstruction of EEG signals, revealing
substantial differences between seizure and non - seizure states in these reconstructed signals. Consequently, a brain network is
constructed on the reconstructed EEG signals using the Pearson Correlation Coefficient (PCC), from which brain network features
are extracted. These features are then fed into a Bi—LSTM - Attention hybrid network to detect epileptic seizures. This network is
capable of identifying key features crucial for the detection of epileptic seizures and capturing the most significant information in the
EEG time series. To assess the effectiveness of this method, experiments were conducted on the publicly available CHB —MIT
dataset, yielding an accuracy of 96.20% , a specificity of 96.80% , and a sensitivity of 95.31%. The results indicate that this method
is highly effective in the task of epilepsy seizure detection.
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Fig. 1 Pipeline of the proposed method
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Table 1 Calculation of time domain, frequency domain and time—frequency domain characteristic
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Fig. 2 Schematic diagram of wavelet decomposition
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Fig. 3 EEG signals and reconstructed signals on five scales in epileptic and non—epileptic phases
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Table 2 Brain network characteristic calculation formula
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Fig. 4 Diagram of LSTM unit
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Table 3 Confusion matrix
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Table 4 Evaluation index
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Accuracy( AC) TP + TN
—_————— X 100%
TP + FN + FP + TN
Sensitivity ( SE) TP X 100%
TP + FN
Specificity (SP) TN x 100%
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Table 5 Comparison of experimental results

A AC SP SE
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Bi-LSTM 0.950 947  0.960 830  0.936 480
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Table 6 Performance of the model before and after adding features

0.962 058 0.968 035 0.953 101

extracted from reconstructed EEG signals

s R AC SpP SE

Bi-LSTM-Attention fEGLHFIE  0.931 902 0.950 496 0.904 513

P GEAFAE +
FHy EEG

A

0.962 058 0.968 035 0.953 101

3 HRiE

ARICFHETF EEG 155 N & 1R 0 RF 5, FEHR L
TR GEFRIE A [N T BT 9 T R N 45 e 1iE , I HLAE
Bk 248 T Bi-LSTM—Attention PRI | 7E7
SCHSEE I AL RE 2L UL T CNN Al Bi-LSTM
F1%) DO 245 A 750 [14) 1 B RN+ e, B 2415 31 T 96.20% 11
HER%,96.80% FRE TP A1 95.31% U, BT
AR SCAUAAE S FF A A AERE S b AT T 8Er



5 2 1]

Z&IZs | 4. BT Bi-LSTM-Attention FVBI & VE R J7 1 75

Bk, ARk Al AN ER B 2 R A A A Y 42 7
SEVETERE , 10 AT LIOKE T RE ) 28 48 Ak 17 FH 210550 & A1
R EY) EEG {5 S | SRATFFERB0I P A~ [,

&% 3k

[1] HASSAN A R, SUBASI A, ZHANG Y. Epilepsy seizure detection
using complete ensemble empirical mode decomposition with
adaptive noise[ J]. Knowledge — Based Systems, 2020, 191:
105333.

[2] WEIL Z, ZOU J, ZHANG J, et al. Automatic epileptic EEG detection

using convolutional neural network with improvements in time —

domain[ J]. Biomedical Signal Processing and Control, 2019, 53.

101551.

SHARMILA A, GEETHANJALI P. Evaluation of time domain

features on detection of epileptic seizure from EEG signals[ J].

Health & Technology, 2019,10 (3) :711-722.

[4] WANG G, REN D, LI K, et al. EEG-based detection of epileptic
seizures through the use of a directed transfer function method[ J].
IEEE Access, 2018, 6:47189-47198.

[5] &, KM BT STFT B Z ML 7 MI-EEG 4325 P il
NEFH[T]. IR AR ,2021,44(6) :36-41.

[6] Fhztfy, oo Wb, BT 70 2 BE Y LB i A5 5 Tl 2 e g
TALEE[T]. R BES:,2019,14(3) :88-91.

(7] BREIFSY, ZE AR A b e, S5, T U3 B OUR 52 /N3 722 4 1) 9
SHARAEIT A ShA IR [ 1], R 2 TR AR 0K, 2021, 38
(6):1035-1042,1053.

[8] CHEN D, WAN S, XIANG J, et al. A high—performance seizure
detection algorithm based on Discrete Wavelet Transform (DWT)
and EEG[ J]. PloS one,2017,12(3) :e0173138.

[9] ANSARI A H, CHERIAN P J, CAICEDO A, et al. Neonatal
seizure detection using deep convolutional neural networks [ J].
International Journal of Neural Systems, 2019,29(4) :1850011.

[10]SHEKOKAR K S, DOUR S. Automatic epileptic seizure detection
using LSTM networks[ J ]. World Journal of Engineering, 2021,

—
W
[

19(2) . 224-229.

[11]GENG M, ZHOU W, LIU G, et al. Epileptic seizure detection
based on stockwell transform and bidirectional long short — term
memory[ J]. IEEE Transactions on Neural Systems and Rehabilitation
Engineering, 2020, 28(3) . 573-580.

[12]ZHOU P, SHI W, TIAN J, et al. Attention—based bidirectional
long short—term memory networks for relation classification[ C]//
Proceedings of the 54™ Annual Meeting of the Association for
Computational Linguistics ( Volume 2 Short papers). 2016 207-
212.

[13]GOLDBERGER A L, AMARAL L. GLASS, et al. PhysioBank,
PhysioToolkit, and PhysioNet: Components of a new research
resource for complex physiologic signals[ J]. Circulation, 2000,
101 (23): e215-e220.

[14]WU D, WANG Z, JIANG L, et al. Automatic epileptic seizures
joint detection algorithm based on improved multi—domain feature
of cEEG and spike feature of aEEG[ J]. IEEE Access, 2019,7:
41551-41564

[15] BEibah, b AR R M. FETIRBE 2 > ARG i vl A -8 70 28 7
W[T]. AR 2R , 2021 ,42(3) :231-240.

(16 1WA 224, B 2GR, A 7 i L3l 3 2 25 428 7 14 9 0
SR [T]. (X AR R4 41, 2021,42(2) : 180~ 188.

[17]KHAN Y, GOTMAN J. Wavelet based automatic seizure detection
in intracerebral electroencephalo—gram[J ].Clinical Neurophysiology,
2003,114(5) :898-908

[ 18] BRAGA R B, LOPES C D, BECKER T. Round cosine transform
based feature extraction of motor imagery EEG signals[ C]//
Proceedings of World Congress on Medical Physics and Biomedical
Engineering 2018. Singapore: Springer, 2019. 511-515.

(191473858, FMg, Ze4h. JETIR% LSTM i1 TP TTH 5 R Tl Ko i
FIRGE[T]. B RTINS, 2019,9(4) :128-131.

[20] BTCAT, XIBEE , JiHEs 4. 5 T IEE 1L fl EMD-GRU #%
TURYE S AT 0 [ 7] B RETH ST AL S B AT, 2021, 11(3) 133~
37,43.



