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Abstract: The key to recognize epileptic EEG signals is to obtain effective features and construct an interpretable classifier.
In this paper, a Takagi-Sugeno-Kang (TSK) fuzzy classifier based on enhanced deep feature (ED-TSK-FC) for epilepsy
EEG signal recognition is proposed. The ED-TSK-FC adopts an one-dimension convolution neural network (1D-CNN) to
extract deep feature and label information, label information is expanded to the deep feature space to generate the enhanced
deep feature. As the antecedent-consequent variable of the ED-TSK-FC, the enhanced deep feature can provide deep
feature and label information for each fuzzy rule, hence fuzzy rules open the black box of the 1D-CNN in an interpretable
manner. Finally, the ridge regression extreme learning algorithm is used to quickly solve the consequent parameters of
fuzzy rules. In addition, the ED-TSK-FC also formulates a cheap strategy to decrease training time. Experiments show
that this method provides an excellent performance on the Bonn epilepsy dataset in terms of classification performance,
training time and interpretability.

Keywords: electroencephalogram (EEG); deep learning; deep feature; enhanced deep feature; Takagi-Sugeno-Kang
(TSK) fuzzy classifier; interpretability
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dataset 3 92.09 +0.60 94.57 £0.68  97.07 £0.47 97.00 £0.39 95.83 £0.31  96.62 +£0.24  97.14 +£0.27
dataset 4 96.49 +0.56 96.93 £0.30 97.81 £1.38 99.32 £0.23 98.40 £0.30  98.99 +0.18  99.58 +0.15

# 5 ED-TSK-FC K 6 fEL 53 288 7E 4 MRS A F-measure ITELEER

Shallow-TSK-FC ~ PCA-TSK-FC 1D-CNN Deep-SVM Deep-DT Deep-TSK-FC  ED-TSK-FC
dataset 1 92.08 +0.68 92.90 £0.70  96.43 £0.59 97.18 £0.39 96.33 £0.23  96.90 £0.56  97.52 +0.49
dataset 2 92.87 +1.40 94.29 +£0.78  98.54 £0.24 99.08 £0.22 97.79 £0.68  98.51 +0.66  99.16 +£0.40
dataset 3 87.62 +0.93 91.64 £0.97 9556 £0.81 95.46 £0.50 93.69 £0.50  94.88 +0.31  95.70 +£0.43
dataset 4 94.84 +£0.79 95.20 £0.58  96.69 £2.07 98.98 £0.32 97.60 £0.43  98.48 +£0.26  99.37+ 0.22
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1) FHER 4 1A SE50 45 5T LLUE Y 75 70 e |,
BT 1D-CNN IR BERFAIE 1) 43 25 4% Deep-SVM. Deep-
DT 1 Deep-TSK-FC ¥t T- Shallow-TSK-FC 1 PCA-
TSK-FC, H.#£ K £ #ff % F = T 1D-CNN, iX it ]
ID-CNN AT $2 B S R FERFAE B 4% 7 B8 ] SE 1 432K
BE 71. LA, ED-TSK-FC 7£ 4 4N ¥4 48 vF 11 2 B 48
F oAt 2 s, LR R 7E T, 38 5 8 5 R iE R
Ve b 2B CE SRS B 70 2R BE RRAE 25 18] 1) 7 =X,
BT TF IR UG i N BARFAE 2% (R T 45 40, S IR T
o PR P LA 5 2.

2) HH 3 5 1) 5256 45 7T LU H, ED-TSK-FC %
U T HoAth 6 4 93 2523 1) F-measure 545, G AE
dataset4 71, ED-TSK-FC i) F-measure 4 %} T H il 43
A AR 5 5N B 2. X 5% B ED-TSK-FC Ref¥ 1£ £
Tolt i LA 5 VR B () 00 4R v A RO SRR i FELAE 5
(R ARFAE 56 B 1R ).

2785y b T 4Rt ED-TSK-FC 1) Ji il 45
7715 1D-CNN 1E 4 /> B8 4R A [RE AR T 14
A 22 7. HARSR U, B K 1D-CNN % AR 58 Bl 5 3 $ B
S DR R AF J9)1 25 ED-TSK-FC FRBOR £ ] ) 2
H, HoA 55 0 IEAR R R ID-CNNAX I 4G4k, i 2 7]
PLE th, 24 1D-CNN Il ZriE A R E A K IN, 1D-CNN
AN H 2% B0 4> 28 M 68, 10 )R 42 1) ED-TSK-FC fE 4%
K B ) A 2R REL BE A AR B 3 0, 1D-
CNN [ 432K 68 S AN Wi 2 =5, ED-TSK-FC (1) 7r Mg
W43 3 T AR FE T X B, 1D-CNN ¥ 453 2% bR £
RSz 1, o 3R1F B4 I 4 25 1 g, 7 ED-TSK-
FC 1 &5 {127 21 5] NI ] YA A R 27 > 503 AT ALRAIE
ED-TSK-FC H £ R 4F (U s .

A, £ 6t — P R T B2 S A 5 /N ED-
TSK-FC B& ) i A< () ED-TSK-FC-** 4 % 1D-CNN
HIE AR IR D 1 S I ZRmt 8] 5 vEAf 2. DL dataset 124
i, *4 1D-CNN 5 ¥ 46 16 )5, Ik 4= 1) ED-TSK-FC-0
IAERR B N 91.11 Fo, o4& 1 RAFIN 73 286870, VIR
18] 90.390 7 s. BE# 1D-CNNiEAC R B H =, IR A 1)
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ED-TSK-FC(accuracy)
ED-TSK-FC(F-measure)
1D-CNN(accuracy)
1D-CNN(F-measure)
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(b) dataset2

100

100
80
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BE/ %

40 1
20+

ED-TSK-FC(accuracy)
ED-TSK-FC(F-measure)
1D-CNN(accuracy)
1D-CNN(F-measure)
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(c) dataset3

100

80
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20t

ED-TSK-FC(accuracy)
ED-TSK-FC(F-measure)
1D-CNN(accuracy)
1D-CNN(F-measure)

& 2
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AL
(d) dataset4

ED-TSK-FC BIEEM I 5355 1ID-CNN &
ANBIRESARIE R TR ES

2 6 ED-TSK-FC REBEMIRAS ID-CNN7E 4 MUIRER S 2B E] LU ETFRE

100

model dataset 1 dataset 2 dataset 3 dataset 4
training time accuracy training time accuracy training time accuracy training time accuracy

ED-TSK-FC-0 0.3907 91.11£0.35 0.2343 91.17£1.24 1.0453 92.11£1.22 1.0539 94.97+1.89
ED-TSK-FC-20 2.8983 93.1940.24 2.8116 93.13£1.84 4.8305 88.041+1.26 4.8870 94.04+£1.48
ED-TSK-FC-40 5.4900 94.6940.11 5.3542 95.39£0.99 8.5905 92.43£0.16 8.6920 97.4240.86
ED-TSK-FC-60 8.1144 95.52+0.40 7.9920 96.87+0.31 12.3645 94.30+1.71 12.4845 98.30+0.25
ED-TSK-FC-80 10.7008 96.63£0.50 10.4589 98.72+0.19 16.1732 96.32+1.05 16.2735 99.1640.07
ED-TSK-FC 13.3273 97.524+0.53 13.0223 99.15+0.43 20.0499 97.14+0.27 20.0424 99.58+0.15
1D-CNN 13.002 8 96.431+0.66 12.8459 98.54+0.24 19.1491 97.07+£0.47 19.1411 97.81+£1.38
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B IV
- c; = (57.5348,98.221 3, 98.859 7, 99.549 4, 102.680 6, 67.472 3,0.0196,0.9804)"
w1 w k, = (27.8546,53.9427,57.267 7, 56.540 4, 54.503 8, 38.189, 0.000 3, 0.000 3) ™
o = (2.1900 x 107%,9.1670 x 107°,1.4805 x 107*,2.8400 x 107 %, —3.0844 x 1072,
a 1.3000 x 1077,2.0980 x 107°,1.4663 x 1072,1.2900 x 10~ %)™
st c; = (24.6585,39.250 1, 38.870 8, 39.204 4, 39.469 3,24.910 7,0.057 7,0.942 3) T
W ky, = (9.933,20.744,20.738 9, 20.286 4, 21.253 9, 13.937 9, 0.000 8, 0.000 8)™
F 2
o = (3.5200 x 107°,6.7452 x 107*,2.6600 x 107°,7.4145 x 10~*,1.5000 x 1077,
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=}

6.3067 x 107%,1.4600 x 10~

,—1.9200 x 1075,1.3056 x 107%)T

ED-TSK-FC-80 I £ i Fi£ 15 %] 96.64 %, #8iL [ 1D-
CNN 1) #E 7 B2, Yl 2RI (8] 46 %5 7 2.302 0's; ED-TSK-
FC I B i 4% 5 ED-TSK-FC #H Eb, B AR 78 WERf i 5
A7 AE — € i 22 11, B J& ED-TSK-FC K B& 1 Il 2 7
VRT3 4 A Y ) N R T, PR SN 43 2K
7. IRV IF, 76 e R B B2 0 43 28 37 e b, T DL 0 1D-
CNN HJIEACEL, Bl SE3) 56 %2 1) ED-TSK-FC Il Zxid
T2, T3 120 5 A8 1. FE AR TAE Witk — 20 58
XAV B AR

£ ED-TSK-FC H A 1 D) ick vy 197 5 J8 B vk
FEARAE A [F) R0 1 S5 I8 B2, A3 2 ABER0 10 00 (1 17 4
043 55 AF L 5 1 S 6 1D-CNIN ) 34 55 328 P38 AR 1AE
PEAL 7RI R O T S 0T 4 b ] 1A ED-TSK-FC
AT ff R 3R SRR P ARFAIE, T T DA Dataset 1 4413547t
. %, K3 @R T EDTSK-FCTEN = 27 6,a =
0.01 F 15 G0, Bl & B0 0 0] 2 257 38 0, ED-TSK-
FC 1) 21 RE AR AL, W] DU Y, 38 OSSO 10 0] 5 3%
A & 3 $& 5 ED-TSK-FC ¥ 7> 25 14 fig, HL7E 8 2 120
SRR N B, ED-TSK-FC ik 3] 1 % /& 1) °F- 13 4 2%
I‘iﬁa

98.41
Ay 98.0F —= 1-fold v—vv 4-fold ~
@( —— 2-fold 5-fold
= —— 3-fold F
& 9767
97.2} o
5 10 15 20 25 30 35
R
3 SRt ED-TSK-FC B4 BE 220
254 % F& ED-TSK-FC [ A fift B 1 5 4 2 M e,

SR FH 8 S ABUH) A0 U ok 498 53R R P2 RF ML REAT MR, R 7 4

T 3 25K A B R 0 A B
X T MHARE A @ est, Fo I EMEE%E%
ﬁtest = (hl) h27 ) hS)T7
;H\:EF'Z h1, hz, ey hﬁ %%ﬂ—?/%gf%?ﬂf, h7 *ﬂ hg %%Z—W%E
M5 B X ELUL I 5 5 1 AT ARG R 28 1ROk R
i

inrulel :
(hy — 57.5348)?
lfh“seXp( 2 % 27.8546 )/\
(hy — 98.2213)2
2156Xp< 2 % 53.9427 )A
(hs — 98.8597)2
h3lseXp< 2 % 57.2677 )A
(hy — 99.549 4)2
h4lseXp< 2 % 56.540 4 )/\
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(hs — 0.980 4)2
hg“"p( 2 % 0.0003 )
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fif B 1, ED-TSK-FC 5 8 5 PR FERFAE/E Y T R AP 1
fif B, AN, 45 1 T ED-TSK-FC 1) B Il 45 5 5, S
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