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SESSC-DL-MTSK : TSK Fuzzy System with New Fuzzification
Operation

CHEN Chengjie, LIANG Jin
(School of Artificial Intelligence , South China Normal University, Foshan 528225, China)

Abstract: TSK fuzzy system is an effective classifier known for its excellent interpretability and modeling ability for uncertain nonlinear systems.
However, when using K-means and FCM clustering algorithms in classic TSK fuzzy systems, there are issues such as activation saturation of
fuzzy rules, decreased clustering performance when processing feature dimensions exceeding 20, and increased model complexity with increasing
number of fuzzy rules. Therefore, a novel TSK fuzzy system SESSC-DL-MTSK based on supervised enhanced soft subspace clustering is pro-
posed. The system first uses supervised enhanced soft subspace clustering to train the antecedent part of fuzzy rules, constructs fuzzy rules using
different feature spaces, and utilizes valuable label information in clustering; Secondly, an innovative fuzzification operation called MTSK is pro-
posed to alleviate the activation saturation problem of fuzzy rules; Finally, combining deep learning optimization techniques such as Batch Nor-
malization and Dropout can accelerate convergence and improve generalization performance. The system was tested on 10 different domain datas-
ets in UCI, with an average accuracy of 0.827 9 and a system parameter count of 15 093, confirming its effectiveness.
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Z 80, W R BOR R U 7 O A D7 75 4045 K-means B0
c— ¥ {H H 25 (fuzzy C-Means, FCM) | 377 |2 YR AR R 38 2K 45
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TF SR ) B LB A0 JRAF R U vk AT LA 5 TSK
FORY] 28 6 10 14 BE L (E 2 B K000 408 38 1) 8, SR80 0 D) 5
it BT, RO E AR SN, T A R 2 TR M
SRR . BN, A R 2% ROk 4 2R ¢ (Adaptive—Net-
work—Based Fuzzy Inference System, ANFIS) F1Z H Fr ik 4k
TSK *ﬁ*ﬁﬂ%é}f(Multi—Objective Evolutionary TSK Fuzzy Sys-
tem, METFS) i H] (1) FCM {f FH 238 g il A5 RSy
SR 4 B30 2 FE k20 B, PO 19 DK G 4 725 3% 7 2%
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Subspace Clustering, SESSC) 77 7 X} B BRI L W] E4 7 F#AE
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1.5 SESSC-DL-MTSK #RH# 5 %t Fig.1 The effect of discarding the second rule
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Fig.2 The architecture of SESSC-DL-MTSK system
El2 SESSC-DL-MTSK &4t 444
SESSC-DL-MTSK 0 2 4t B I 2520 B R 6.FORi = 1,2, -, E DO
WA GREEA (X)), I GRREARBRZE(Y,,,) , I RE AR 7. A=) FH U, AN FEH Vv, HAD)
(Xoia) » MR FE A AR (V) - BOBTELI $h it (R) , FRAE 4L & Fw, HN(12) W 72
(D), FHNER(C), SESSCEEM M KRB (E) , B R gl % 8. IF//V-V/ ,<eTHEN
EACHY B RREL(T) , 455 IR VN R B R BB (e ), IETIALSHL (y, 9. BREAK
n,B) , BRI IR AT 7 (h), #LBER/N(B) , YIZREEAE R K/ 10. ELSE
(N, Sl 5y UERA 22 (BAC) S i+ 39 i I T 4] 11. Vev
i - e PR RER A AY SESSC-DL-MTSK 12. END IF
L 7E X LA FCM (K = R)FIIR I — DR IR I PO RS v 13. END FOR
2.V Vv 14. R (6) 157 o
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~ MTSK
20. =t 16) it f
21. A8 T HmAE 5
22. H 7)) AP 13222 Loss
it s e e O
23. PR i e TS B =
24, END FOR
25. Ace, ~— Accuracy(th-d)
26. IF Ace, > BAC THEN
27. BAC « Ace,
28. 1 B el B PERE R R SESSC-DL-MTSK
29. ELSE
30. CONTINUE
31. END IF
32. END FOR

33. RETURN SESSC-DL-MTSK model
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AR SCHE T PyTorch TR J3 27 2 HE J Al st A A, JF H.
i H torch [F 7 19 pREK D B8 E 47 B8040 3 5 . SR AR AE
PyCharm 5 38 2 , #52 AY Y1 25 A1 38 JR 7€ PyCharm T #E47 .
B F— B 8 GB A7 19 GTX3070 i , % AdaBound
WGB3 D 2] R 2L 25 300 4 epoch, 3 HR I 255
P R f DL B R S SE I AR
22 HiRE

M UCLHL#S 24 > K 22 Repository 1 NTU Mles7 5
22 Lib rh 3R $F 10 4> 70 28 85040 4 |, B B30l A B ML sk Jie
70% HIREAAE IR | 10% 1 N AE T4 , Hi4x 20% 1
A . 2R BRI TEANE B .

Table 1 Detailed information of the datasets

x1 HESFARFR

Hdladk HEAR IS Bk B3
Abalone 4177 10 3 https : //archive.ics.uci.edu/dataset/1/abalone
Clave 10798 16 4 https : //archive.ics.uci.edu/dataset/324/firm+teacher+clave+direction+classification
DRD 1151 19 2 https : //archive.ics.uci.edu/dataset/329/diabetic+retinopathy+debrecen
Waveform21 5000 21 3 https : //archive.ics.uci.edu/dataset/107/waveform+database+generator+version+1
Steel 1941 27 7 https : //archive.ics.uci.edu/dataset/198/steel+plates+faults
WDBC 569 30 2 https: //archive.ics.uci.edu/dataset/17/breast+cancer+wisconsin+diagnostic
Student 4424 36 3 https : //archive.ics.uci.edu/dataset/697/predict+students+dropout+and+academic+success
Satellite 6435 36 6 https: //archive.ics.uci.edu/dataset/146/statlog+landsat+satellite
Biodeg 1055 41 2 https: //archive.ics.uci.edu/dataset/254/qsar+biodegradation
Usps 9298 256 10 https : //www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/multiclass.html#usps

2.3 WERAE
Al SESSC-DL-MTSK 4 &t | #% 3 5 HoAlh 5 Fp
R HEAT IR . o, Yo (Decision Tree, DT) | BB AR
#(Random Forest, RF )42 5 FH 19 7715 ; TSK-PCA 23 i
f& 58 J5 ¥ Ak (¥ TSK B H & 4 5 TSK-BN-UR™' Al
LogTSK' AL AE A tH 1) R 5L TSK UM R 55 . T A B2
1 2 H00E8) R AT 52 SO R0 ) A% 5 R SR e AT Ak -
Bk 2R,
Table 2 Parameter setting of the algorithms
®2 HESHIRE

Kl

20
min(N, D=1)/(min(N, D=1)-2) if min(N, D-1)>2,otherwise 2

R

m

h {0.01, 0.1, 1, 10, 100}
b {0.01, 0.1, 1, 10, 100}
i
B
o

{0.01, 0.05, 0.1, 0.3, 0.5}
{0.01, 0.1, 1, 10, 100}
{0.01, 0.05, 0.1, 0.15, 0.2}

24 IFMERR

I3 2 1 R IR TR & 2% J8E A A A 2 A5 TR A RE R AT
PPAt
241 HEMER
K H B IR 4 25 ME# 2R (Raw Classification Accuracy,

RCA) ., £ 43 25 1 6 % (Balance Classification Accuracy,
BCA) Fll Jaccard—measure 3 /48 b5 VA% FL 3758 LI UF A4 43
KR, Hrb, RCA S IE#A 4328 B e A SR o et
A BB EE B 5 BCA S 3542651 9 RCA SF-I4E, FH T oAl
PR AE AT B £ b A9 PERE 5 Jaccard—measure F T34
BRI SR RE Rz Ab b . 3R PRI A KR

TP + TN
RCA = p N+ P+ BN (22)
DURCA
BCA =<1 — (23)
C
TP
Jaccard = TP+ FP+ FN (24)

Ao TP R & F1E 2 HAR BT 1 6 Fi0 Sk 1219
FEAS s TN K78 J&8 T 17 288 3 H gl A 80 1E 1 T 0 oA 17 288 (19
A FP R n g B0 R 1E AR S BR o T 8RS s PN RoR
BTN Sy 1 AR SEBR oA IE 2R FEAR
242 BREE

TSK-PCA .TSK-UR-BN ,LogTSK . SESSC-DL-MTSK [7
IR AT % B3l 1ok S EE R AL . 2R B B R S
TS E m Fo?, LA R 01 R T i IS S5,
RIS BORMEAEZ 0I5 S 8008 T TSK M) R 40 1 e 4
P, DT RYBE RIS 2% B th S0 P 8 4 S 80 RRIE 4
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T RO OB TR E o RE AR R S 2R B
RO AR BO TR B 0 ST R R T OO R E
B e .
2.5 RBERSHN
251 > EMERR

6 R ILTETE 101 B 48 F 1 RCA S5 N3 3 R, fix
PEas R AP R th (R R o FTLUE AR SCREAE 104
R AR LH9F- 2 RCA i T HAR S 18 3 MR 4R /N T
20 R AR A 2 B AR RO PERE DL T HABTE s 72 74
FPOEZE BE R T 20 MBI 4R 1 A7 5B R i MERE AL T
MIEVE o SRR, A R AR GE B 2 i AR , AR SCRE
YIRA B3 PERE

Table 3 RCA results of 6 algorithms on 10 datasets
R3 MEEEI0NHIEELHRCALER

TSK- TSK- SESSC-
EACTE S DT LogTSK
PCA  UR-BN DL-MTSK
Abalone 04945 05463 05502 0.5669 0.5655 0.5769
Clave 0.7417 08115 08019 08540 0.8537 0.8672
DRD 0.6170 0.6903 0.7446 0.7238 0.7180 0.7229
Waveform21 07531 0.8472 0.8490 0.8748 0.8631 0.8692
Steel 07207 07700 0.7661 0.7460 0.7374 0.7456
WDBC 09243 09620 09561 09637 09682 0.9857
Student 06781 07651 0.7243 07681 0.7668  0.7769
Satellite ~ 0.8541 09126 08555 09013 09057 09136
Biodeg 0.8240 0.8678 0.8626 0.8722 0.8794 0.8807
Usps 0.8505 09268 09098 09177 0.9233 0.9398
iy 0.7458 08100 0.8020 0.8188 0.8181 0.8279

WA SCRR I AE A S PR RE AZ A A B 3R
Table 5 Jaccard results of 6 algorithms on 10 datasets

x5 6FMEEE10MEIEE LY Jaccard R

TSK-  TSK- SESSC-
AT DT LogTSK

PCA  UR-BN DL-MTSK
Abalone 03267 03769 03795 04005 0.4002  0.4020
Clave 05871 06779 06692 07452 07447 0.7656
DRD 04375 05121 05931 05798 0.5605 0.5665
Waveform21  0.6058 07347 0.7376 0.7775 07749  0.769 3
Steel 05636 0.6265 0.6208 0.6079 0.5968 0.5945
WDBC 0.8515 09239 09160 09691 0.9384 0.9656
Student 05131 06197 05678 0.6302 06284 0.6353
Satellite 07471 0.8402 0.7475 0.8204 0.8303 0.8410
Biodeg 0.6817 07657 0.7583 0.7736 0.8011 0.7870
Usps 0.7395 0.8635 0.8480 0.8328 0.8750 0.9502
iy 0.6054 06941 0.6838 07137 07150 0.7277

252 MAEFHKA

6 ML IEAE 10 DR BRI S A L3k 6, Ty
Xk PR AV YRR 5 A I 2 5 3R 4 v BCA (B LIS 0 T
IR . AT RUE I A SCRETE 10 DB 4 L Al
SR SR T HA Sk
253 ki

Table 6 Model complexity of 6 algorithms on the 10 datasets

F6 OTMEEEIONHIEE LHRBERE

SESSC-
. ) TSK-  TSK-
PGS DT RF LogITSK DL~
PCA  UR-BN
MTSK

6 MEETE 10 BG4 iy BCA G RINK 4. W LIE
AR SCRETE 10 D BESE E A1 BCA LT HAB S 2
TE 3 RRAELERE /N T 20 A Eda 4k b, A 2 DBt SR i P fE
DO T HABSE 22 5 76 7 DR AR ZE B R T 20 RO B 4L B A 5
ARE R PEREOL T HAM Sk o BERAAR SO A A PR
SRS i B A B RE

Table 4 BCA results of 6 algorithms on 10 datasets
R4 MEFEEI0NHIEE LW BCALR

Ktk DT RF 18k 18k LogTSK SESSE
PCA UR-BN DL-MTSK

Abalone 04972 0.5487 05546 0.5670 05653  0.5753
Clave 0.6113 0.6013 05640 0.7142 0.6950 0.7560
DRD 06161 0.6914 0.7504 0.7248 0.7192  0.726 3
Waveform21  0.7532 0.8470 0.8486 0.8748 0.8630 0.869 6
Steel 07403 0.7736 0.7825 0.7582 0.7486  0.7712
WDBC 09237 09575 0.9444 09641 09644 0.9843
Student 0.6197 0.6702 0.6258 0.6624 0.6731  0.689 7
Satellite 0.8314 0.8820 0.8274 08756 0.8814 0.8906
Biodeg 08046 0.8430 0.8292 0.8389 0.8618 0.8653
Usps 0.8378 09190 0.9028 09114 09174 0.9343
RS ] 0.7235 0.7734 0.7630 0.7891 0.7889  0.806 3

6 PR AE 10 B LAY Jaccard 5 2R N3 5. Al LA
A AR SCREAE 1018 5 B P2 Jaccard £ T HoAs
SR H P SN ERAR ERYR BB AL T H Ak L

Abalone 23678 15531349 1320 1 860 1 860 250
Clave 99 747 123298017 3440 3920 3920 3128

DRD 7811 625 561 2200 2320 2320 187
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