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Simplified deep learning model for epilepsy electroencephalogram
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Abstract; A simplified deep learning model was proposed to solve the problem of recognition based on the strong randomness and rapid
dynamic change of EEG ( epilepsy electroencephalogram) signals. The proposed model utilizes one-dimensional convolutional neural network , which
simplifies the convolutional layers and pooling layers to improve the efficiency. Based on the overall Keras framework , the RMSProp algorithm was
used for the model in the training process, and the algorithm estimated the loss through a predefined objective function. The model design
incorporated a batch normalization layer and a global mean pooling layer. The EEG recognition was researched from two aspects based on the
proposed model ; with empirical mode decomposition, the first three orders, the first five orders, the first seven orders, and the first eight orders of
intrinsic mode functions were selected for comparative analysis on the simplified model. Because of deep learning characteristics, the proposed
model can directly recognize the original EEG signals without feature extraction. After extracting 7 types of features, it adds three different methods
to compare the accuracy. The experimental results show that: the recognition rate of the first three orders of intrinsic mode function reaches the level
of 92. 1% for the five different types of EEG signals, which is higher than that of other features. The first eight orders’ recognition rate is lower than
the original signal, which indicates that data preprocessing will lead to the noise. The proposed simplified deep learning model can effectively deal
with the epileptic EEG recognition problem with higher efficiency and better performance.

Keywords: epilepsy electroencephalogram; convolutional neural network ; Keras framework ; empirical mode decomposition
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Alg. 1 Simplified in-depth learning model L-NET
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Fig. 1 Simplified deep learning model L-NET structure

Hn—A R A2 B ME RIS M T SR B . 4
Jar YA 5 A A ] 2 AL T TN R
WAL L 7ER A S e AT SRR, 2R
MALRERS B CE R 2 2% i i) 2% 322, I 4k
SERERS I/ B L S5 I SR8 . A
FZ Z 8] 52 dropout 2, & 1 Zhad FE vy, X 4 —
DREIRZ W22 BT, 157 B — 2 R
HBENLHL 5, BT LLRE— K (batch ) HRTE I
ANFEI P28, TS I T I 28 etk g s
W T 12 RN, (EAE A8 A0 38R N /) 38 3
X — RS E MM T a MR kA,
F 1UAHT = W Se g s R 25 4 1 BAR S50

x1 BEEHSHR

Tab.1 Model structure parameter table
JZR LR i H R B SHEL
convlD_1 (None, 4095, 64) 640
convlD_2 (None, 4093, 64) 12352

(None, 4093, 64) 256

batch_normalization_1

max_poolingl D_1 (None, 1364, 64) 0

convlD_3 (None, 1362, 128) 24 704

convlD_4 (None, 1360, 128) 49 280
(None, 1360, 128) 512

batch_normalization_2

max_poolingl D_2 (None, 453, 128) O

convlD_5 (None, 451, 128) 49 280
global_average_ (Nome. 128) o
poolingl D_1

Dense_l (None, 600) 77 400
Dropout_1 (None, 600) 0
Dense_2 (None, 5) 3005
BEEEL 217 429
e i & 217 045
NGRS EN4 384
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Fig.2 EEG identification flow chart based on

EMD feature extraction
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Tab.2 EEG recognition results based on

EMD feature extraction

PR/ %

HEMG  loss

K% - - - - -
oo 7 13 19~ 25 20

6 12k 18k 24k 30k

BI=Fr 92.00 92.30 92.23 91.20 92.20 92.00 0.22
BB 91.30 91.20 91.60 91.52 91.20 91.30 0.22
Hi-EBY 90.30 90.37 90.50 90.70 90.27 90.44 0.24

Hi/\Br 89.80 89.80 90.20 89.50 89.90 89.84 0.25
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Fig.3 EEG identification flow chart based on raw data
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Tab.3 EEG recognition results based on raw data
PR %
- HERR  loss
B8 1~ 7~ 13~ 19~ 25~

A |
67 12 187K 247 30 %

J5k6

) 90.80 90.87 90.80 90.83 90.97 90.85 0.23
Hidia
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Fig.4 Comparison of the results of the

two types of methods
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B B 2 PR SRR 2R B R
RIRREA T bt — R 254, B — 15 i RoR
ARSCIN 3, 7 R s 2 KB MR, X T
1SS IR1R, BEATLAR MRE 1 2 AR D SR 155545 B i
L2 A TS T ] T, D g AR 4 1 S8 {E T
23,

SCHR[ 19 ] 2R FH d5e /> —3F€ SCHf o) AL ( Least
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Tab.4 Comparison of experimental results

i e
o) P
1 2 3 4 5

KNN 52.00 53.00 60.00 50.00 56.00 54.20

RF  72.00 70.00 71.00 69.00 69.00 70.20
LSSVM 76.25

L-NET 92.00 92.30 92.23 91.20 92.20 91.99
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WER R BT T 69.72% (31, 04% ,20. 64%
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3 #Hig

BRI I v R X M N Y A S, AR SR —
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