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Interval Type-2 FRCM and Mixed Metrics
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(College of Information Engineering , Nanjing University of Finance and Economigs , Nanjing 210023, China)

[ Abstract] To.address. the unevenly distributed complex data with crossed clusters, this paper proposes a two-phase
information granulation algorithm based on the trusted granulafity criterion which combines Interval Type-2 Fuzzy
C-Means (IT2F€M), clustering and hybrid metrics.In the first phase,ithe ITF2ZFCM algorithm is used to cluster the raw
data to get the initial information granule.In the second phase,/considering the spatial distribution of data, sample size
and granule properties, a granulation function is designed to_balance the rationality of evidence and semantic uniqueness
by using the mixed metric method, and the composite function composed of coverage and uniqueness is optimized based
on the credible granularity criterion to solve the optimal granulé boundary.The experimental results on artificial data sets
and UCI data sets show that the proposed algorithm cangeffectively improve the information granulation quality and
granule representativeness of unbalanced data,’andwachieve ideal performance in the correct number of classification,
granule characteristics and other indicators.
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Fig.2 Interval partition graph of basic information granule
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Fig.4 Clustering effects of two clustering algorithms

on Art2 database
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BiErEAMZ A MIEdE s G, K5
1, AR SR Y ) MMIG-IT2FRCM 7 Ak &35 FF I 1 1)
L DX JH] A 35 T HoAth 3 iR AR Bk 55 T T 2 4K
P EA, B kL 5 X R3S S A 43 1Y S 5
Uk .

T MRS AS X Ml 23 0] o0 A B AN ) A9 2 AT
B AL T X 4 Bk AR Bk B R AR A8 bR iE AT T L, a0
F 3R, H: Good 2 I 28 TE 4, BV R 2 IE 4 1Y
FEARA%L ; Currency 2 H 2R IE ) %, s b+ N &8
AR R AR )T 28 0E B 0 BRCHE R R BT Y L A
Conclude & 8 T %, 7/~ b T 78 55 U [l ; Represent N
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Fig.5 Granularity effects of four granulation algorithms

on Art2 database

F3 AIBEET4MRLEENRLIER

Table 3 Granulation indicators of four granulation

algorithms on artificial datasets

LIN-IT2 COS-IT2 EXP-IT2 MMIG-IT2
" L ek
HUESE RRCISEE cpem FRCM. FRCM FRCM
Good 33 31 48 58
Currency/%  100.00 100.00 100.00 96.67
Artl
Conclude/% 43.42 40.79 63.16 78.95
Represent/% 87.45 88.45 60.88 54.75
Quality/% 37.97 36.08 38.45 41.79
Good 120 116 68 158
Currency/% 96.77 96.67 95.77 94.05
Art2
Conclude/%  65.26 63.16 37.37 88.42
Represent/%  78.38 80.43 74.24 62.06
Quality/% 51.15 50.80 27.74 54.88

33 UCIHIEEXLRERSN

6 B 4 4 FR HE B UCT & 45 4E Lenses . Wine . Iris .
Fertility #F17 5250 347« /NEUHE % Lenses 19 3 > 28 5%
B AN SA TS AERREA . Wi B4l 42 19 31
KRB A 594 784 A4l A Bl BEA . Tris BUHR 42 1
3R AT SO FEAR  “Eertility 4 45 19 2 4 2K 7%
%A 88 12 ANE I FEAS . H5 4l £E Iris . Wine £ 48
FEA 3 AT 4 5] Lenses B A JLF A2 L, 344K
P B A BT R 2 S L & R, B Iris<
Winek Fertility . H1 T Tris 50 3% 40 #ii 38 &) H AL A5 —
FC, M Fertility 504 48 28 78 MUAR 22 57 K HRE A A 4
FRO AL 8 AT 35k 7 A B840 42 1) % L AT A AN ] 2 R
FASE AN X5 4 A B8 B R kLA 22 57 o

44 UCThRMERUE S5 7% 2 Fh R BB IL T M sL 50 &5
RNFRAPTR . Ho : OK AL F 2858 T L X 38 5L
FEIEH I REAR S Bd Ry i A X sk A RE AR AN B Teer B
TR E AR B AverTime P2 B[R] . R 40T LA
Y BRI — S0 X8 50 40 A7 Y Tris 50 SR A1, oA RS 22
S K H AR 5] 53 A 1 80Hs S FE 98 7E IT2FRCM SR
P I R) 82 2R B AR T FRCM 2R R0k . X 254
RIS 22 S K HLFE A 55070 B Fertility 25048 48 3R 28 1)
IT2FRCM #3E HEA T 4 v e sl 84, 1 FRCM 55
PR EEAUEL B E , Blan 45 1k S B IR 52 4 AR
o PR, 2550 L0 2R 28 TE A AR a2k AR BRI T 2 i)
SERAARAR AT J0 X T 2 20 58 S H B AN B 45 43 A
AR AR IT2FRCM Sk 7R 4GS A7 1 B v e 8 S 1L
PR S SORN A 32
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Table 4 Clustering indicators of two clustering algorithms

on UCI datasets

®5 UCIEREET 4 Mk B £ R LI 4R
Table 5 Granulation indicators of four granulation

algorithms on UCI datasets

RAEF W Eizkan Lenses Wine Iris Fertility
OK 14 163 124 64
nTOK 14 166.5 129 64.5
—-0K 10 5 7 35

FRCM

Bd 0 10 19 1
Iter 4 9 15 100
AverTime/s 0.008 6  0.021 7 0.0205 0.038 8
OK 14 163 126 64
nOK 14 167 128 64.5
—-0K 10 5 11 35

IT2FRCM
Bd 0 10 13 1
Iter 4 8. 13 4
AverTime/s 0.0065 0.0126 0.0311 0.009 4

44~ UCTAR E B 48 F 4 Floki 1k 5 0 52 56 45
BFE 5~ . W LLE B, MMIG-TTREROM i {L 5
o= B S YA o = 3 1 e = s O
15T H AR . 20 I L 4 4y OCT R 55 T ki 4k
SR V2R TE AR BT 0 AS SCAE U MMIG-IT2FRCM
RLAR B A AR BB PR TR 2 T 109 KR R AR
BOE Z PO RSE (F8 7T SR o A BTk PR
B Pk WAL, MIMIGATTRFRCM i 4k 4 ¥ 7E Lenses,
Wine . Iris . Fertility 2f 45 25u 76 55 B HO(E B 3 & T AH
[vi) 50 405 45 T Ho Al 3ok A0 5 vk b B 55 Y A
Al WL MMIG-IT2FRCM i Ak 53 125 A2 B 15 8RR+
X 8] B K. [\, MMIG-IT2FRCM i Ak 34 B 75 4 4
o Y 50 B T R A 8 AP R [ i R
fiby 3 bz A B 3 T A SR A A, S R T T iR
T W RL T 25 K T Ry g R R R I T TRk T 1
o BEE R X R YR, S A B XY
R A FE A A AR T X JA], P HESMMIG-IT2FRCM
WAL 59 F Wine | Iris  Fertility 2085 42 I 9 )9 28 1E #f
2R W AR €6 T LAt 3 Pl gl TR RO o R R
bR T R A bR A B B R T 5 4 8 EXP-
IT2FRCM KL AL 5375 AH H , L 1E 1 3 1) BU(E A7 9K 4% 3l
TEABRIVE R o e TR T AR o &, XoF L 4 Flor Ak 55
2 0 BUE 1 B0 AT A1, MMIG-IT2FRCM i Ak 8 32 78
Lenses 1 Iris B4 5 T B T f £ 1E , 76 Wine il
Fertility %4 42 F 5 Ho b 3 Fhoki £k 54 2 1% B 15 i
HHIE

LIN-IT2 COS-IT2 EXP-IT2 MMIG-IT2

1Az oy ="
iR Gl FRCM  FRCM  FRCM  FRCM

Good 13 13 14 17
Currency/% 100.00 100.00 100.00 100.00
Lenses Conclude/% 54.17 54.17 58.33 70.83
Represent/% 77.24 77.24 76.35 71.51
Quality/% 41.84 41.84 44.54 50.65
Good 112 107 99 146
Currency/% 100.00 100.00 98.02 94.81
Wine! Conglude/% 62.92 60.11 56.74 86.52
Represent/% 80.79 83.21 76.27 54.07
Quality/% 50.84 50.02 42.42 44/35
Good 78 70 85 123
Currency/% 96.30 1.00 98.84 94.62
Iris  Conclude/% 54.00 46.67 57.33 86.67
Represent/% 86.41 90.34 77.61 71.29
Quality/% 44.93 42.16 43.98 58.46
Good 51 39 43 74
Currency/% 100.00 100.00 97.73 94.87
Fertility Conclude/% 51.00 39.00 44.00 78.00
Represent/% 58.22 75.43 54.74 35.06
Quality/% 29.69 29.42 23.54 25.94

ZEAL AN B s B2 S 1 28 UK L (Lenses < Iris <
Wine/<Fertility ) 53 Hbr 5 55 BE FUMUREPE X P A% 0
16br. MK |- F  LIN-IT2FRCM ,COS-IT2FRCM
FIPEXP-IT2FRCM i A0 57 (1 kE 7 75 35 B 5 2 il 5 2%
FRAE S R AR /N BT AR 7E Lenses | Iris , Wine
B 4 Tt R A% 7Y 28 ST S B0k i v U ok ik
K, 1 MMIG-IT2FRCM Fi Ak 55325 - oK Bl 45 25 78 58 X
% D04 T 7 5 I BOR AR PR R Y BE T S B
5 o H I AT, AR SCRT 42 ) MMIG-IT2FRCM i
0B 6 1 2 TR RASEAS 349 A B B 1 1 B R Ak LA
iR

% L8 WKL AR 5T A A% O 8 A TE S R A —
B 5y A ¥ 50 B KR S SR Tris BOHE 4
55 PRI 22 0 K 2 # F & ™ 1Y Fertility 3008 4
T AEE— 25X L, 4 iR AR SRR 1 S 6 25 B an ] 6
No AILLE A SCHE Y MMIG_IT2FRCM Hi ik
O P A L At R 3 R e A R M R S
AL T8 bR L B O AR SR B, e 2 A AN
iy HL3h I a8 )OHE B 0 B e A LA G 1) S
FHE
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Fig.6 Granulation indicators on Iris dataset and

Fertility dataset
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