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Domain adaptive Takagi-Sugeno-Kang fuzzy classifier
based on pseudo-label refinement

ZHANG Xinyun', ZHOU Linjia', CHENG Yuting', QIU Chengyu', XIE Yuhang',
CHEN Xiu', ZHANG Yuanpeng'?

(1. Department of Medical Informatics, Nantong University, Nantong 226019, China; 2. Department of Health Science, Technology
and Informatics, Hong Kong Polytechnic University, Hong Kong 999077, China)

Abstract: The Takagi-Sugeno-Kang (TSK) fuzzy classifier (FC) has been widely applied to various fields owing to its
excellent classification performance and interpretability. To address the degradation of the generalization performance of
this TSK TSK FC caused by the differences in the distributions of the training and test samples, a domain adaptive (DA)
pseudo-label refinement (PLR)-based TSK FC (DA-TSK-PLR-FC) is proposed. This classifier leverages the nonlinear
and linear mapping capabilities of the antecedent and consequent parts in fuzzy rules to construct a fuzzy shared feature
space for source and target domain data. In this fuzzy shared feature space, graph-based random walking and label filter-
ing refinement were applied to enhance the pseudo-label quality in the target domain, thereby enhancing the effective-
ness of the domain alignment. Further, extensive experiments using multiple public datasets reveal that the proposed
DA-TSK-PLR-FC achieves reliable classification performance and good interpretability.

Keywords: domain adaptation; Takagi-Sugeno-Kang fuzzy classifier; random walking; pseudo-label refinement; fuzzy

shared feature space; unsupervised learning; fuzzy rule; transfer learning
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Table 2 Three benchmark datasets for evaluating the performance of domain adaptation methods

A TS B S| FEA EER (R4 35S 2505 FoE
SURF:800
ffice+Caltech S /RESAbH] 2533 10 Amzaon., Webcam. DSLR., Caltech
Office Caltec ’ DeCAF,:4096
CMU-PIE PNizatabi] 11554 1024 68 C05.C07.C09.C27.C29
Amazon_review (GE P 7996 400 2 Books., DVD. Electronics. Kitchen

32 EKWiIgE

D)X A e S H AR g R 10 A
D7 AR 6 B, A4S 1 B AR S N i R
9 A BRE B o AEBRGE N 5 B — B
TSK #4325 #313(TSK-FC (one-order)), 9 Ff i i
I 75 5 43 il s 0 b 2k i A% 5 ¥ (geodesic flow
kernel, GFK)!) | iT# i, 4377 M7 (transfer component
analysis, TCA)®! B¢ & 43 11 ii iC. (joint distribution
adaptation, JDA)! | iE BB G VL L (transfer joint
matching, TIM)¥ | Plp 75 25 X} 5% (correlation align-
ment, CORAL) | & LA F1 58 1% 5% (joint geo-
metrical and statistical alignment, JGSA)?" | X &
i BL (joint probability distribution adaptation, JP-
DA id W AR 25 3 Ui 2% 2 (self-adaptive label
filtering learning, SALFL)!"®! 3L F H #5382 N A
RLE o 3% P bR 4 (target domain intra-class similar-
ity to remedy the pseudo labels, TSRP)*, Hr1,
TSK-FC (one-order) JH % EH5 TSK ORI HL I 5
WG TR S S A R . 5 48 TSK BOMI £k
PEAEARIAS[A], TSK-FC (one-order) 1] FH aif 44355 4 i3t

TR ARG, J5 158 43 247 e 4, I FH 0% 0115
WHRIEHESE. BT B R0 i 8 BoA ir s,
PR I AN 3 - FH 58 S8 TE Sk 6 31 fir A e B i
WS E. bR SALFL A1, HoAth 35038 1 7 i 1 3443
KN 1 HIE SR 2 8% . TSRP AE N —A~ B fin
i, 5 IDA 855 H . X T HERGE S5, iR
SCEE AT AR I BROME, AR F 9% B2 1 R JC BRI
B &N, AR5 S % R SCEE W HEE S B0
K S 1 R IR S BT T KT RIS
A3 FE R R, RS R T=38,

2)DA-TSK-PLR-FC 5.7k I S0 & : BB
=B E TN AV Y M R - R D O A A= RPN 1L
BEE— L, ME— A9 1 A2 50 1 A% &R A={1,
3,5, 7,10, 50, 100, 200, 300, 400, 500, 600, 700, 800,
900, 1000} AT OE AL E o AR D) 1% X 4% 45 2
L k={2,4,6,8,,20},
33 XfLbsEg

T3 ~6 B THEANFEEEE AT IL S
LRI L2 R (Lo 2R a R e ), Hrp
“IRCH 8 i DA-TSK-PLR-FC H.7%

% 3 E T Office+Caltech H{IFE R X B MISIE M EFHE

Table 3 Accuracy on Office+Caltech datasets using SURF features %

TSK-FC N

f£%  TCA JDA TIM  GFK CORAL JGSA JPDA SALFL  TSRP AT
(one-order)

C—A 45.62 46.66 45.20 41.02 54.28 49.90 47.60 55.43 47.39 52.50 54.28
C->W 39.32 39.32 39.32 40.34 38.64 39.32 45.76 60.00 47.80 47.12 59.32
C—D 45.86 47.13 46.50 41.40 36.31 34.39 46.50 54.14 53.50 43.95 56.69
A—C 42.03 40.61 41.50 40.25 45.06 37.58 40.78 45.77 41.76 43.99 44.88
A—-W 40.00 38.31 41.69 40.00 44 .41 43.73 40.68 47.12 45.42 38.98 50.17
A—D 35.67 36.94 45.22 36.31 39.49 39.49 36.94 41.40 43.95 42.67 49.68
W—-C 31.52 3241 31.17 30.81 33.75 38.47 34.55 38.56 33.30 33.13 38.74
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TSK-FC .
145 TCA  JDA TIM GFK CORAL JGSA JPDA SALFL TSRP AT
(one-order)
W—A 3048 3298 31.73 31.73 35.91 5825  33.82 40.61 37.89 36.74 41.75
WD  91.08 9235 89.81 88.54 86.62 93.63  88.54 83.44 92.99 84.07 92.36
D—C 3295 3206 3215 30.10 33.84 3624 34.73 34.91 33.57 30.81 37.04
D—A 3278 3382 37.06 31.84 37.68 6033  34.66 35.70 33.82 33.82 38.83
D—>W 8746 89.83 89.83 844l 84.75 97.63  91.19 82.71 91.53 81.36 89.83
TFIMH 4623 4687  47.60 44.73 47.56 5241  47.98 51.65 50.24 47.43 54.45
s e R e i, I
& 4 E T Office+Caltech £ & B iR B FF1E BUIEHE B A R
Table 4 Accuracy on Office+Caltech datasets using DeCAF6 features %
TSK-FC e
1155 TCA JIDA TIM GFK CORAL JGSA JPDA SALFL TSRP ARSCER
(one-order)
C—A 89.46  90.29  89.04  88.83 91.54 90.08 9123  92.17 92.38 90.81 92.59
C—>W 82.03 8576 7593 8237 74.58 87.46  88.81  93.56 88.47 76.94 92.54
C—D 8599  89.80  80.25  88.54 84.08 86.62  89.81  88.54 89.17 84.71 89.17
A—C 8379 8237 8041  77.56 82.10 78.18  85.04  85.57 85.40 84.32 86.20
A—W 7492 8459  72.88  73.90 72.88 89.49 7831  81.02 86.44 78.30 87.80
A—D 8471 8442 7771  82.80 80.89 91.72  84.08  87.26 87.26 86.62 87.90
W—C 7649 8325 7631  69.55 71.15 7925 8424  81.83 84.33 70.70 80.77
WA 80.58  88.10  87.37  74.43 79.02 86.95  90.08  85.80 89.98 78.81 88.20
W—D  100.00 100.00 100.00 100.00 100.00 100.00 100.00 96.82  100.00 100.00 100.00
D—C 81.30  85.04  80.32  67.68 70.88 81.12 8451  74.00 86.46 75.24 80.50
D—A 88.83  91.85  89.56  82.05 79.54 90.08  91.02  88.73 92.80 83.19 90.19
D—>W 9932 9932 9729 9525 98.98 98.98  99.66  93.90 98.31 99.66 99.32
TFIE 8562  88.73 83.92  81.91 82.14 88.33  88.90  87.43 90.08 84.11 89.60
* 5 ETF CMU-PIE iR &EHIEIEN EH R
Table 5 Accuracy on CMU-PIE dataset %
TSK-FC .
115 TCA JDA TIM GFK CORAL JGSA JPDA SALFL TSRP AR
(one-order)
C05—C07 40.88 58.63 5193 39.59 34.32 73.97 5936  61.69  62.49 34.56 71.21
C05—C09 4179 5253 5123 3891 35.29 72.06  66.67  75.61 58.46 45.65 70.47
C05—C27 59.57 8359 7522 58.10 43.98 83.87 83.99  95.31 86.12 61.40 91.74
C05—C29 29.11 47.61 3578 32.17 24.94 63.48  49.51 67.10  48.16 26.96 61.03
C07—C05 41.63 5597 4757 2692 28.99 66.42  63.00 7449  59.78 31.90 74.79
C07—C09 5135 6282 6728 60.36 39.71 7120 60.85  86.27  70.04 35.60 80.39
C07—C27 64.82 7792 7044 43.62 53.71 80.05 77.05  89.52  76.54 57.34 89.73
C07—C29 33.58 4258 37.62 40.63 26.72 7341  47.67  67.65  44.42 39.03 53.74
C09—C05 3496 50.12 4271  28.09 33.25 66.42 5978 7272  55.97 37.84 74.52
C09—C07 47.58 5733 6427 59.55 44.50 80.85 63.35  81.83 7244 55.56 77.47
C09—C27 56.77 72.00 69.99 43.29 54.25 81.23 7447  88.19 7645 48.09 92.70
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#Rs
55 TCA JDA TIM GFK CORAL JGSA JPDA SALFL TSRP  oN'C Aok
(one-order)
C09—C29 33.82 4197 4326 44.79 27.45 76.04 527 75.43 54.96 31.31 64.95
C27—-C05 5585 79.08 79.44 58.22 46.67 74.67  84.87 93.22 85.23 55.64 94.30
C27-C07 6771 8397 78.14 56.29 60.10 84.47  83.24 94.66 83.30 36.03 91.71
C27—-C09 7580 8743 80.69 61.76 64.40 8493 87.44 90.62 84.68 76.10 92.89
C27—-C29 4038 56.18 51.84 43.75 41.73 7525  65.38 80.22 70.96 58.02 77.27
C29—-C05 27.19 4633 4040 18.58 26.98 64.17  53.63 56.15 45.02 26.50 66.45
C29—C07 30.14 47.88 4929 37.08 32.72 78.76  51.32 73.30 53.96 44.51 66.11
C29—-C09 30.02 49.75 4436 38.36 31.18 74.88  55.76 79.78 56.80 49.82 74.82
C29—-C27 3349 5731 5389 29.53 41.96 7771 58.49 90.24 62.75 43.74 81.59
A 4482 6055 56.77 4298 39.64 75.19  64.93 79.70 65.43 44.78 77.47
R 6 ET Amazon_review HIFE & BUIHIE M AR R
Table 6 Accuracy on Amazon_review dataset %
1155 TCA JDA TIM GFK  CORAL JGSA JPDA  SALFL TSRP TSK-FC AR
(one-order)

B—D 6493 6123 69.03 67.03 78.09 68.23  61.03 78.94 66.18 78.24 80.19
B—E 65.02 62.86 66.02 64.76 76.67 68.47  61.86 79.53 68.02 76.37 79.88
B—K 66.88  60.68 68.08  65.53 78.38 67.08  62.53 79.24 70.04 78.68 80.99
D—B 6570  59.10  70.60  66.90 78.80 6545  61.25 78.90 69.05 78.30 79.35
D—E 63.01 6026 69.27  65.67 76.38 70.52  60.46 79.73 70.92 73.72 81.13
D—K 63.28 6048 67.68 67.78 78.28 72.04  60.68 80.79 70.99 77.43 84.79
E—B 62.65 56.55 68.35 647 74.75 6425  59.70 74.95 67.50 73.65 76.45
E—D 6198 57.53 6943 67.13 73.94 66.23  59.28 77.19 67.83 72.64 78.29
E—K 6933 6453 7474  70.64 83.59 7524  65.93 84.64 73.94 82.79 85.19
K—B 62.60 5880  66.10  65.65 74.75 66.95  59.25 74.95 64.95 74.20 76.60
K—D 60.33 6248 6748  66.18 74.43 6298  62.78 75.19 66.38 74.08 77.04
K—E 7022 6541 76.13  72.72 82.88 7312 67.17 81.73 75.78 82.78 82.43
FHIE 6466 6083 6941  67.06 77.58 68.38  61.83 78.82 69.30 76.91 80.19
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Fig.7 Membership functions of different fuzzy sets and their natural linguistic interpretations

e 2, MR R SO RN TF 35543 A 05 5 R LA
THEN 3543 XF 07 1 26 P iR 5%, 7T LL45 ) DA-TSK-
PLR-FC #5754 {1y 2 AN BRI AL ]

=08 I3 kv 1L (1 B2 & 1 O O £

FEOE 2 OB R im™, ooeeee , FEAE 799 [ME M A,
FEAE 800 E’\J{*a‘ﬁ“[%”o B2, ALY 50 />4 H3
mr:

551 A% N

0.122 1-0.176 9x, +0.351 3x, +
0.206 5799 — 0.012 7xge
QEETRIES Y
5550 N R
0.237 4+0.142 6x, +0.059 2.x, +
0.213 32799 — 0.000 1500

2 FRMAMN SRR 1 RIE s,

FRAE 2 B fE <l -,
FHIE 800 AYME N “fk”. B4
LU
A
0.122 0 - 0.177 0x, +0.351 6x, +
0.206 6709 +0.012 7xg00
(v i 4 %)
55 50 /M4 o
0.237 3+0.142 5x, —0.059 Lx, +
0.213 Lxtzg9 +0.000 Lgog

3.7 ESEEITSI

TSR 11 A EETE 3 AN B AR A AT 5
2 R, (1] Friedman 55 2% K2 56 A1 Holm
HIFk L, BEMEKY oM 0.05, B, it
Friedman % 2045 56 115 55 B 50 00 2 HE 44

FRAE 799 (Y (H N <5
, BEEL Y 50 /\%utﬂ



5520 % B OB A

* 568 °

K8 45 ih T &4 F M HEF 45 %, DA-TSK-PLR-
FC HA W WM #rE . pER 0, RIFXLLHE L
ZIEAFTE B E W k2R B, #17 Holm &
JEAES, LIS DA-TSK-PLR-FC 5 HoAth 34 1 iy 1
fE2: 5. 7 Holm kz g, i@ i LK p (H 5K IE
PR F Holm, ] W7 W6 Fp 575 2 1) 2 5 77 76 B 3
£,

JUT A X Eb B Mo e HERG: 90 2o AR P AR AR 1Y) 2
MKBNNHEF . BRI R 7, BRERIEL
SALFL M %, B K Y p [E47 9% % B DA-TSK-
PLR-FC Bk HA ST,

0
FF D E Yy Y
ASEIR N ooo@\o @Q%W

&4

& <
& &
&
&CJ Q\?

B8 Xt EEHFREE

Fig. 8 Rank test for the comparison algorithm

£7 % a=0050r, XtELE %M Holm 1616

Table 7 Holm’s test for comparison algorithm when a=0.05

i X ARk z=(Ry—R))/SE p Hy, = afi SRR
10 GFK 10.968705 0 0.005000 B{EEL
9 TCA 10.000041 0 0.005556 s
8 CORAL 8.518553 0 0.006250 s
7 JDA 7.863280 0 0.007 143 s
6 TSK-FC(one-order) 7.792054 0 0.008333 i x4
5 TIM 7.777809 0 0.010000 s
4 JPDA 6.039911 0 0.012500 s
3 JGSA 3.945885 0.00008 0.016667 s
2 TSRP 3.903150 0.000095 0.025000 s
1 SALFL 1.666 673 0.095579 0.050000 A
4 &FRE S22 3k
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