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Abstract In the task of epileptic EEG signal detection,deep learning methods exhibit outstanding feature representation capabili-
ties but suffer from poor interpretability. In contrast, the Takagi-Sugeno-Kang (TSK) fuzzy classifier is endowed with superior
fuzzy-rule based interpretability,yet is hambered by its limited modeling ability. To well balance the performance and interpre-
tability when deal with EEG signals, this paper proposes a Multi-scale Multi-granularity Decoupled Distillation TSK Fuzzy Classi-
fier(MMDD-TSK-FC). Firstly, training one-dimensional Convolutional Neural Networks with different kernel sizes as teacher
models enables comprehensive extraction of EEG features at multiple scales. Next.soft labels are generated by softening the out-
puts of the teacher models,and the Kullback-Leibler divergence between these soft labels and the outputs of TSK fuzzy classifiers
with varying rule numbers is minimized to facilitate deep feature representation knowledge transfer. Meanwhile, the cross-entropy
loss between the student model’s output and the ground-truth labels is minimized. Finally, the outputs of multiple TSK fuzzy
classifiers are integrated using a voting mechanism. Meanwhile, the multi-granularity TSK fuzzy classifiers generate multiple sets
of IF-THEN rules with varying levels of complexity, providing interpretable reasoning to support the model’s detection deci-
sions. The experimental results on the Bonn and New Delhi HauzKhas epileptic EEG datasets thoroughly validate the superiority
of the MMDD-TSK-FC, which improves accuracy by approximately 5% compared to the classical TSK classifier and outperforms

other deep knowledge distillation models by around 3%.
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Table 1 Time complexity comparison of different methods in terms of training and testing stages

o RELLES] LGP WK EERE O
1D-CNNL21] ﬁgl'fﬁ(n(:[ 1K [%:15{1(51(31 1K
FCM-TSK-FCl22] eNR2D-+yNRD? NRZD+ NRD?
PCA-TSK-FC[23] eNR2D-+yNRD? NR?D-+ NRD?

MV-TSK-Fcl24]
STSK-LLM-KDL25]

ED-TSK-FCLz6]

MMDD-TSK-FC
m=11=1

L
B2 HiCiCi—1 K+V(eNR2ZD+yNRD?)
=1
eNR2D-+yNRD3

L
ﬁ Z j-[z(f;(f[ 1 K+eNR2D+yNRD?

Z ﬁZ HiCiCr—~ 1Km+ Z (eNR;D +yNRD?)

L
2 HiCiCi—1 K+V(NR2D+NRD?)
=1
NR2D-+ NRD?

L
2 HiCiC;- 1 K+NR2D+ NRD?
=1

Z < NR%D+NR,,D?)

m=




42

Com puter Science IHEMLELZE  Vol. 52,No. 9, Sep. 2025

3 KR

AT E I i F AR S R DU AT 55 B X BT 42 i i MMDD-
TSK-FC #F A7 ¥ A . 52 5% 38 47 W 4 35 55 & AMD Ryzen 5
3400 G with 32GB RAM, 64-bit Microsoft Windows 11, # {2}
W 5i A Python 3. 11, 7 30T A 5% 46 5 F2 &K SR A 4047 28 L
2, B R BALIR —H7 38 XA RE A AR A 4R, H AR M RE AR R
VES - 8 R S R Sl
3.1 HiESE

Bonn EEG i 4127 2 7 [k B 27 B2 436 A0 8000 A6 ) 2
TFRCHRSE Tz L I A 5 0 B S A U I 5 . B 4R
85 AFHEA—E) . 435Ik A R IR & 1Sk 2
EEG 8/ N EEG {55 , 84~ F 44 & 100 EHK 23. 65 1
B RBEE N 173, 61 Hz, 4o BiAb #1515 3 2300 £ FFAiF 4t
JE 178 MIREA sk 2 T4,

# 2 Bonn BN A

Table 2 Details of Bonn dataset
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Table 3 Division of tasks in experimental datasets
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Table 4 Definition of scale-granularity set S
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Table 5 Search ranges of parameters
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Table 6 Average Accuracy of MMDD-TSK-FC and eight benchmark methods on six tasks in two datasets
©s  DEN  ipCNN Lppmap FCMTSKS PCATSK. MV-TSK-  STSK-LLM-  EDTSK-  MMDD TSK-

FC FC FC KD FC FC
Task 1 92.95 96.43 97.00 91.47 91.19 95. 65 93.48 97.52 97.99
Task 2 95. 56 98. 54 97.00 92.95 95. 54 97.39 94,52 99.15 98. 84
Task 3 92.98 97.07 95. 00 94. 26 95.5 95.58 95.98 97.14 97.62
Task 4 97.04 97. 81 99.00 96.57 96. 23 97.89 97.74 99.58 99.62
Task 5 91.28 97. 27 — 90. 77 91.14 95. 37 98. 20 97.42 98. 86
Task 6 82.74 93. 36 - 92. 25 92.74 93.85 94. 30 93.94 96. 43
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Table 7 Average F1 of MMDD-TSK-FC and eight benchmark methods on six tasks in two datasets
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FC FC FC KD FC FC
Task 1 92.83 96.43 97.00 95.3 91. 39 95.76 93.32 97.52 97.92
Task 2 95.58 98. 54 97.00 92.11 95. 66 97.37 94. 17 99.16 98. 83
Task 3 88.72 95. 56 93.22 91.47 92.79 93.13 95.41 95.70 97.42
Task 4 95. 45 96. 69 98.49 94. 86 94. 31 96. 57 97.38 99. 37 99.39
Task 5 90. 88 96. 89 - 89.58 90. 32 95.63 98.05 97.28 98. 42
Task 6 88.71 93.02 — 91.47 89.63 94.52 94, 22 93.69 96.49

AN A SCHR B MSD-TSK-FC 78 4% 10 52 56 i 24 T o
— RUEES 3] 1D-CNN Ui AL A, BLR T 7 . 1D-CNN 7€ 45
U R ST 8K, B4 5 3 fft DR AR A5 5 vh (9 5 8 5 3, i
3 AU RT3 /N S R S8 4 e AT B 45 AE 78 Ak, DA T A2 S [/ R
BE b SR S HEE B AT A, R gk 7 AL FEAE S5
4RAES 6 I, 2 RBERHE LG SR g W35 48 T T RIBU A FL(E
TR LR ROTfr & R A @M 5 R A 2
[P
3.4 BBEABEYAESWEHEAIR

TEATI 58 b, )RR B J2 48 4T R AE 45 18] 5] 435 A5 48 0 )
FEIR M ANACFR BE A [ RS Xof Ry AN () 3 A% /N o AS [) s 8 of
LA [R50 5 50 2% B 0 S A D), 4 S A AR 3 3 b A
“ 2 R IR 5 S LB < KR B SR O 2 R U R KL 3R
FH 478 R AR o) 2 A e 3 5 TR ) 58 £ oF ) 50 AR A 22
4 220 i, 45 A A S TR A 1 I RE ) o R BE Y e R G S
9 45 SR EL A 25 R A o i R AT BE T O Rk R 4N E,

R R RO T RS A A AR B AR T T Rk RE 1
A BB B A TUAY I L 5 i A5 8 A ] fi B b

TS £ RUBE 220 BE S A 25 AR A RhE L R R
BERLEE A S HEAT T SE AN 3 L DU IEOR (6] fige B R
XA RLERE S M L R RSE Y 5 R E Y R 1,3,5,
9,11 A4 BB BB RN BRI B B an 36 8 i gl . 7%
PRI B =3, IE WAL I 7L «=0. 01, 45 5 BUTL 3 28 SIAGIE
T AER R A E 0 3 45

KS ZRRIZKEES S HE X

Table 8 Definition of the different scale-granularity set S

3B A B 2
1 7 7
3 3,5.7 7.5.3
5 3,5.7,9,11 11,9,7,5,3
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11 2~12 12~2
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Fig. 2 Average Accuracy of MMDD-TSK-FC with different numbers

of channels across four tasks on Bonn dataset
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Fig. 3 Average F1 of MMDD-TSK-FC with different

numbers of channels across four tasks on Bonn dataset
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Table 9 Description of multi-granularity {uzzy rules
wl - IRCE AL e vE B 5 B
A v, = (V) vy sy DT e, = (o a0y veraop DT ,(x0) [ (x)
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5 k ; =9 5 — _ =
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