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Fuzzy rough c-means based on the knowledge measure
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Abstract: A knowledge-based fuzzy rough c-means clustering method (KFRCM) is introduced. Traditional clustering methods have
limitations in handling data with fuzzy boundaries, which are sensitive to the initial cluster centers, and exhibit low efficiency in
high-dimensional spaces. To address these issues, the KFRCM is proposed. a feature-weighted knowledge measure is incorporated,
fuzzy membership functions are integrated with rough set approximation operators, and Gaussian kernel similarity is utilized to
enhance boundary characterization. Experimental results on 14 datasets demonstrate that the proposed KFRCM algorithm outperforms
6 mainstream clustering algorithms in terms of accuracy, stability, and computational efficiency. This study is recognized as the first
integration of knowledge measurement with fuzzy rough clustering, offering a new perspective and an advanced algorithmic
framework for developing more reliable and adaptable clustering techniques.
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Table 2 The accuracy of different algorithms on different datasets

B KMEANS 1  FCM 33k AHC 83 RCM ¥ IFCM53E:  KFCM #3%:  KFRCM 5%
Iris 0.7052+0.0777  0.8400 0.826 7 0.840 0 0.9200 0.798 1 0.960 0
Wine 0.9663x0.0069  0.9650 0.9270 0.966 3 0.8196 0.601 1 0.9719
Breast Cancer 0.879 1£0.0145  0.896 3 0.880 5 0.896 3 0.8959 0.9209 0.9104
Make Moons 0.840 7¢0.0204  0.8541 0.8500 0.870 0 0.8385 0.8532 0.8100
Aggregation 0.7272+£0.0006  0.7272 0.756 2 0.8153 0.6110 0.732 8 0.8553
WDBC 0.8727+0.0087  0.8967 0.688 9 0.9192 0.8949 0.9209 0.9156
Cancer 0.963 6£0.0094  0.9706 0.824 3 0.8243 0.8243 0.796 3 0.9722
Haberman 0.741 8+0.0095  0.7357 0.5752 0.5162 0.7353 0.5229 0.758 2
WBC 0.963 6£0.0094  0.9704 0.824 3 0.8243 0.969 3 0.9102 0.9722
Seed 0.9159+0.0117 09196 0.8429 0.690 5 0.857 1 0.900 0 0.914 3
Thyroid 0.8636x0.0320  0.8930 0.844 4 0.816 3 0.893 6 0.8539 0.902 3
Dermatology 0.7120£0.1028  0.7626 0.586 6 0.782 1 0.508 4 0.508 4 0.8547
Banknote Authenticatio ~ 0.5749+0.0014  0.607 1 0.668 4 0.662 5 0.598 4 0.598 4 0.6173
Flame 0.85040.0112  0.8500 0.5167 0.770 8 0.8417 0.8417 0.862 5

MFE 2 AT LAE SR 14 A EERE T 9 MRS R) KFRCM BL FMERPREK , 70 0IE T KFRCM
BPRCR LR . IanEE S Iris, KFRCM S HERR 3 0.96, M5 T FCM BEE T 14% 403 T k-means
BPARE T 25.48% , F W] KFRCM B3 70 Ab B 2 L5325 ] A EL AT O v (9 R0k, U, Bd6 4 Wine,
KFRCM Fk a4 0.971 9, MY T FCM S5 IUERRR (0.965) , AT RCM FE75 I HERG%.(0.966 3) ,
WHAIFZ A RAE ZTC AT S P, e Ab BT HL Bk i vk 1 &2 2 B 4 e, KFRCML B3k I R Rk, 9l
N, B A5 4 Dermatology |, KFRCM 5 FIMER 0.854 7, 4 L FCM BE:19 0.762 6 3255 1 9.21% ; 1E HA
B AR Aggregation F4E I, KFRCM 5.5 I HERR K 4 0.855 3, #H HL FCM Bk I UERf RIS T 12.
81%, IXLEZEFLHN  KFRCM 3L AEACHI = 4R AE AR LM T /0B it BT SR &, k41, KFRCM 53
Xt A T BB I VR el 5 . L) Haberman B 82 g 001, ) 20500 B8 A7 16 B 5 1 28 I AR S 465 [
1, KFRCM B FOERA A 0.7582, 5 T FCM Bk B MERR 2 (0.735 7) FIl KFECM S35 AERT.(0.5229) , i
B KFRCM 53706 Wi e 5t HLA 500138 7 A

%3 ARABHEARFFEL Fuoy

Table 3 The Fpy;-index of different algorithms on different datasets

HntE KMEANS &k FCM A7 AHCHEY: RCM B IFCM A7 KFCM &7 KFRCM &k
Iris 0.8933£0.0428  0.7517 0.749 8 0.7520 0.856 3 0.798 0 0.9233
Wine 0.9322+0.0135  0.9293 0.860 2 0.9319 0.691 8 0.6311 0.9417
Breast Cancer 0.7720£0.0272  0.689 8 0.778 5 0.689 6 0.773 1 0.861 2 0.8472
Make Moons 0.6579+0.0153  0.6586 0.694 0 0.663 0 0.681 8 0.683 6 0.691 0
Aggregation 0.7859+0.0010  0.758 8 0.714 9 0.7343 0.563 9 0.798 2 0.8227
WDBC 0.760 4+0.0108  0.689 7 0.719 4 0.692 4 0.7717 0.8612 0.854 7
Cancer 0.8434£0.0801  0.8957 0.722 8 0.722 1 0.893 8 0.8239 0.950 1
Haberman 0.540 8+0.0358  0.458 4 0.5703 0.5527 0.543 1 0.550 9 0.728 3
WBC 0.8434+0.0801  0.8955 0.722 8 0.722 1 0.893 8 0.774 1 0.950 2
Seed 0.8430+0.0196  0.8482 0.717 1 0.826 3 0.759 1 0.8229 0.8427
Thyroid 0.8349+0.0224  0.859 5 0.845 5 0.868 4 0.859 7 0.8536 0.867 9
Dermatology 0.748 1+0.0840  0.766 6 0.608 1 0.796 4 0.5855 0.5855 0.8351
Banknote Authentication ~ 0.513 6£0.0004  0.5254 0.666 2 0.552 1 0.5216 0.5216 0.546 4
Flame 0.7538+£0.0151  0.7530 0.623 0 0.766 6 0.7417 0.7417 0.770 8
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Table 4 The Ry -index of different algorithms on different datasets

B KMEANS 1 FCM %3 AHC 8% RCM ¥ IFCMi3E:  KFCM 53%:  KFRCM %
Iris 0.7854+0.0893  0.630 1 0.6153 0.630 3 0.786 0 0.694 8 0.8857
Wine 0.8979+0.0202  0.8936 0.7899 0.8975 0.936 3 0.682 1 0.912 1
Breast Cancer 0.5420+0.0465  0.8372 0.636 3 0.856 8 0.862 1 0.854 1 0.8714
Make Moons 0.3979+0.0262  0.408 4 0.467 5 0.410 6 0.446 0 0.4152 0.3823
Aggregation 0.6784£0.0015  0.6402 0.662 7 0.6717 0.688 2 0.705 1 0.774 0
WDBC 0.8235+0.0220  0.837 1 0.5706 0.849 3 0.859 4 0.854 1 0.889 2
Cancer 0.6949+0.1357  0.7834 0.7316 0.739 8 0.780 2 0.693 1 0.890 9
Haberman 0.5289+0.0284  0.4956 0.598 5 0.493 1 0.503 7 0.499 4 0.6198
WBC 0.7949+0.1357  0.7829 0.7324 0.8137 0.780 2 0.802'5 0.890 8
Seed 0.7657+0.0293  0.7733 0.803 4 0.8858 0.638 3 0.884 1 0.864 9
Thyroid 0.6538+0.0911  0.6435 0.678 5 0.659 0 0.644 4 0.6750 0.702 2
Dermatology 0.886120.0501  0.8869 0.806 1 0.9169 0.657 6 0.657 6 0.9352
Banknote Authentication  0.5103+0.0004  0.5226 0.556 4 0.552'5 0.5190 0.5190 0.5272
Flame 0.7447£0.0157  0.7439 0.498 5 0.6452 0.732 4 0.732 4 0.7618

M 3 FTLLE ) KFRCM FEEIY Fro 8K, JCHAESN 0 A B 8 4R R I R ie s, BAk
M5, 7E Iris BdE4E | KFRCM B Fo, oM 0.923 3, & 7 T FCM B Fry, (0.751 7) A IFCM 53k 1Y
Fi(0.856 3) 5 7£ Wine $E4E I, KFRCM S35 11 Froy o4 0.941 7 A0 L FCM B0 Froy B85 T1.24% , [R5
T IFCM BVEHY Fpy (0.691 8) , IHAh, 767545 M 75 ) Haberman 34 4E I, KFRCM BB Frpy 4 0.728 3, %
FCM S5 Fog 3285 T 58.9% , if— I T2 SR X ms LS (LA B b TR

MF 4 AT LI ) KFRCM B35 Ry F8 5K, KFRCM Bk 70 A7 A i 3 28 50 3 2 (0 B 4 1 e I L4,
T4 Cancer |, KFRCM B¥E1 Ry, 0.890 9, L FCM 5¥E M Ry 3455 T 13.72% ; 7 Dermatology # i
|, KFRCM B Ry, 4 0.935 2,5 RCM BBE M Ry B85 1 1.83% , WA FEAR AT 3 MEEdE 4R Make Moons I,
KFRCM E: 1 Ry, M 0.382 3, R T AHC 35951 Ry (0.467 5) 4T3 T FCM B35 1Y Ry, (0.408 4) , FHi%
BRI 2 A B B s — g e 4 ) OF AR 5 T A — Pk 25 ]

TR A T4 FCM B3k S ek 53k, KFRCM 5332k il 2 A A0 MRS 42 B8 R0 A% AR B EE 11
B TERC PR AR MR TR AR 5 2 B DR, e 14 A DN RECHE B v it 9 > Hiodi A ) v R
K8 A Fo RN T A R 8K, FR IR AE Iris  \Wine 2525 BB 4E | KFRCM 8 B (R 2R 43 5135 500.96
0.971 9, BALE G LA it . AL BT E— 2 A T A 20k, &l 2 Bi7R , Wine B8 45 £20%
HeLb P , KFRCM B9k AE B vER LRI RS AL, BT, KFRCM 38 5 B3 (1 S 2 v oA AR LT
FEARAE B P 1 ) e 25 B v SR RS

3 . 3 .
2F.° e’ v ’ 2 KO
:. .. M & © et . xR

0 , S = 5
Hook Y HH ok H H
] 1 1] I
& -1 ® -1 ® 1t & -1}

-2 -2 -2t -2}

-3t -3 -3t -3t

R -2 0 2 4 3 -2 0 2 4 - -2 0 2 4 43 -2 0 2 4

S —F Y B— RS S—F S — RS
(a) IR E B (b) FCM%12%: (c) AHCH % (d) RCMA

3r——= 3 - 3 3 T

2 & p 2t ’ af et T . 2f. ’
& 1 § 1o g I f( 1fa
i -l 1] -1 11 11-1f
® g, g 1 & ,

=3 -3 -3 =37

74-4 -2 0 2 4 43 2 0 2 4 43 2 0 2 4 -4, -2 0 2 4

o — S o — S 5 — E A S—E RS
(e) KFCMZH7%: (f) IFCM# % (g) k-means® % (h) KFRCM#.3%
B2 A EEE R E

Fig.2 Wine data clustering plot
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Table 5 Synthetic datasets with different data features

YIS FHAE e HefiE S
2d-4c A 714 3 3
2d-4c-no4 WA 862 6 4
Flame e 240 2 2
Square AFFFR 800 2 4
HyperBlob-135 rh 1 500 135 15

HyperBlob-300 Yk 1 500 300 30
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