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Improved Fuzzy C-means Clustering Algorithm
Based on Density-Sensitive Distance
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[ Abstract] The Fuzzy C-means(FCM) clustering algorithm cannot identify non-convex data, and its similarity measure
based on Euclidean distance only considers the local consistency feature between data points while ignoring the global
consistency feature.To address the problem, this paper proposes an improved FCM algorithm that uses the density-sensitive
distance measure to create the similarity matrix. The proposed algorithm employs the Affinity Propagation (AP) algorithm
to obtain the coarse number of clusters as the upper limit of the search of the optimal cluster number, to avoid the
instability of clustering results of the classical FCM algorithm , which requires the clustering number to be manually set in
advance and initial clustering center to be randomly selected.On this basis, the maximum and minimum distance algorithm
is improved to obtain representative sample points as the initial clustering center, and the optimal cluster number is
determined based on the silhouette coefficient. Experimental results on UCI and artificial data sets show that compared with
the classical FCM , K-means and CFSFDP algorithms, the proposed algorithm is capable of identifying complex non-convex
data,and improves the convergence speed with ensured clustering performance and stability.
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the global consistency of samples
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Fig.2 Global consistency distance
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Fig.5 Iteration time comparison of FCM algorithm and AMMF-DSD algorithm on four data sets

3.2.2 ATHIEE EMSR TEH R o T s 2 . N 8 W LI L, FCM AN

43 5| 7€ Three-circles , Spiral , Line-blobs , Aggregation K-means £ 1 7E Line-blobs B4R 4 | iy B 2 40 50 4 7
il Squarel iX 5 N THHRAE LA 4 FERIEFILHALT 46 CFSFDP Hl AMME-DSD %23 075 51 1 1F 1 5
S, SRR AR AR 1, SRR AR AN 6~ 10 T g N 9T LI H , AMME-DSD 55 % i 3 KA
M 6 1] LLF H , FCM ,K-means fl CFSFDP 8. 1 7 i #f , CFSFDP .75 X Z , FCM Fl K-means 5. % 7E
Three-circles £ 46 I (1 R AEROREAILAL, T AMMEF- Aggregation 5t 42 T 1Y R A RCR AR A LS . A 10
DSD 531 BE % IE A R 73 Bdi 2 . NI 707 DL i LI 78 Squarel 544 |, AMMF-DSD 53 3¢
FCM ,K-means Il CFSFDP & 7. 7£ Spiral 095 4 [ K 4% SR AL, FCM Ml CESFDP 53Xk Z , 1 K-means 5.
RERHORAE A REIE T 2L, T AMMF-DSD 5894 B RECR %

XXX 5

x x X% %
x !‘%'
o
0% & °°
Oo
00 o> 004
o }
T o g
x
RTL LN
x -
%
C
§ |
x
x
i 8
x P
%
C
x
oy
S 2

S
)

x
x

* (9‘90 6"9‘

xx xx x

x L] * h 1 ] "
,.z "“s‘o% Goseooo%oooﬂ * TR ¥ * %Xx"&"x%

&

(a)FCMEE: (b)K-means iy (c)CFSFDP4i: (d)AMMF-DSD#3%
6 4ThREEAITEIEE Three-circles IR L LR

Fig.6 Clustering results of four clustering algorithms on Three-circles data set
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Fig.7 Clustering results of four clustering algorithms on Spiral data set
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Fig.8 Clustering results of four clustering algorithms on Line-blobs data set
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Fig.10 Clustering results of four clustering algorithms on Squarel data set
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R3 AMBREZEATHIESE EHOEREXTHL
Table 3 Performance comparison of four clustering

algorithms on artificial data sets

FCM K-means CFSFDP  AMMF-DSD
i A Bk Bk Bk Bk
ACC ARI ACC ARI ACC ARI ACC ARI

Three-circles 0.515 0.140 0.508 0.133 0.642 0.434 1.000 1.000
Spiral 0.346 0.004 0.407 0.011 0.532 0.279 1.000 1.000
Line-blobs  0.594 0.264 0.496 0.158 1.000 1.000 1.000 1.000
Aggregation 0.688 0.665 0.622 0.585 0.821 0.833 0.989 0.982
Squarel 0.989 0.978 0.767 0.716 0.986 0.972 1.000 1.000

3.2.3 UCIH#ESE LAy

AR 4 S B B 10 > UCT 04 % % AMME-DSD
L B 2 45 S [5] CFSFDP . FCM Fil K-means %4 4%
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F ) ACC HI ARTFS bR E W2 4. 0 T80/ 52 56 1%
Z AN BEEM S BT 10k, NERATTLUEH
AMMF-DSD % ¥ 763X 104~ UCT #4645 b A R 2K 45
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Table 4 Performance comparison of four clustering

algorithms on UCI data set

FCM K-means CFSFDP  AMMF-DSD
B Bk Bk Bk Bk
ACC ARI ACC ARI ACC ARI ACC ARI
Iris 0.757 0.573 0.720 0.502 0.701 0.533 0.942 0.850
Wine 0.410 0.009 0.466 0.007 0.444 0.013 0.899 0.851
TAE 0.368 0.010 0.366 0.012 0.369 0.003 0.782 0.607
Seeds 0.783 0.621 0.726 0.454 0.703 0.494 0.910 0.737
cMC 0.301 0.367 0.391 0.405 0.412 0.448 0.690 0.549
Blood 0.707 0.668 0.599 0.607 0.656 0.686 0.778 0.785

Heart-stat-log 0.585 0.020 0.590 0.029 0.552 0.216 0.756 0.758
Bu-pa 0.510 0.547 0.538 0.551 0.542 0.551 0.617 0.571
Thyroid 0.617 0.172 0.651 0.200 0.521 0.078 0.740 0.694

Haber-man 0.562 0.667 0.601 0.682 0.572 0.663 0.742 0.719
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