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B E.: MRS J P (Extreme learning machine, ELM) A —F 3 R AL A Ew afe 45k P RAFa02
A BE B3R R AT B A BB C 39 M H & (Weighted fuzzy local information C-means, WFLICM) JA 4R
BRELGZAREEAFARTCEGH AR T BT EMCHMEAREL F X RF I, ATHRRS
A i, 3 WELICM # 47 st 4L, 32 8 7 K T ELM &9 By 38 = 18 42 & 6 BE4 C 39 1A 58 & B 4% 48 3F
% (New kernel weighted fuzzy local information C-means based on ELM, ELM-NKWFLICM) ., # 7 &
AT ELM B AEu 3 R ¥ R4 4 il ELM A5 /2w 3 Kok 5 2] Z 2 ELM B = 18 F , B R st 4y
AL By AR R A AF 8 e B C AL R K B A% 5 2 5 % (New kernel weighted fuzzy local information C-
means, NKWFLICM) # 47 R % . %84 R £ ELM-NKWFLICM 4 & &L A 1k WFLICM J % & 5% 49
FRFR, AT ARG T REG G N ok A E KA R BBk, BN TR T ARMR
Rk XA 25 AR 09 B P A

KEIW: RELZ BB 588 C I E MR F T A

FESES: TP391.4 MR EARD A

Fuzzy C-Means Clustering Image Segmentation Algorithm with Local Spatial Infor-
mation Based on ELM

Chen Kai, Chen Xiuhong
(School of Digital Mediea, Jiangnan University, Wuxi, 214122, China)

Abstract: As a new technology, extreme learning machine (ELM) has good generalization performance in
regression and classification. Weighted fuzzy local information C-means (WFLICM) uses point coordinate
distance and the local pixel coefficient of variation to mark the impact factor of each point to the middle
point, improving the robustness of fuzzy C-means cluster algorithm. Based on ELM and improving
WFLICM, new kernel weighted fuzzy local information C-means based on ELM (ELM-NKWFLICM) is
proposed. The method is based on ELM feature mapping technique, mapping the original data to the high-
dimensional ELM hidden space through the ELM feature mapping technique, and then is clustered by the
new kernel weighted fuzzy local information c-means (NKWFLICM) of the improved new kernel local
spatial information. Experimental results show that the proposed algorithm has better robustness than the
WFLICM algorithm and retains the original image details well. The algorithm is more efficient in dealing

with complex nonlinear data, and overcomes the sensitivity of fuzzy clustering algorithm to fuzzy
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exponents.
Key words: clustering algorithm; image segmentation; fuzzy C-means cluster; extreme learning machine
(ELM)
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(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph
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Fig.2 Segmentation result of the first Synthetic image
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Rl AMEZEF IKARER LN EHEE

Tab.1 Segmentation performances comparison of four algorithms on the first synthetic image %
W FGFCM WFLICM KWFLICM ELM-NKWFLICM
=7(0,0.02) 97.368 2 99.125 3 99.589 9 99.750 1
5 37(0,0.03) 95.267 7 98.336 0 98.610 6 99.410 3
= 3(0,0.04) 93.285 3 96.697 5 96.780 3 99.028 6

(a) A1 12 ) AR (c) FGFCM 31
(a) Original image (b) Noise image (c) FGFCM split graph

T,

(d) WFLICM %> & (e) KWFLICM %1 (f) ELM-NKWFLICM4}&| [
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph

K3 2 2k AT A L IEER o B S5 0

Fig.3 Segmentation result of the second synthetic image
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Tab.2 Segmentation performances comparison of four algorithms on the second synthetic image %
g FGFCM WFLICM KWFLICM ELM-NKWFLICM
ER(0.15) 98.505 1 98.528 6 99.853 9 99.850 5
ER(0.25) 96.497 9 97.442 4 99.601 9 99.677 5
#EE(0.35) 93.734 9 96.904 2 98.857 8 99.447 4

(a) i 46 E1R (b) B B (c) FGFCM4r#1H
(a) Original image (b) Noise image (c) FGFCM split graph

(d) WFLICM %> & (e) KWFLICM -1 (f) ELM-NKWFLICM4} &
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph

B4 530 AT A RIER 5 5 2 5

Fig.4 Segmentation result of the third synthetic image
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Tab.3 Segmentation performances comparison of four algorithms on the third synthetic image %

g P FGFCM WFLICM KWFLICM ELM-NKWFLICM
=197(0,0.03) 97.108 5 97.186 3 98.262 0 99.052 4
FEE(0.3) 96.962 0 96.592 0 98.008 7 98.710 6
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i A S : o 5 1IN YR
(a) B E B (b) B ER (c) FGFCM4> 1K
(a) Original image (b) Noise image (c) FGFCM split graph

U & U A

(d) WFLICM %> & (e) KWFLICM %% (f) ELM-NKWFLICM4} &
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph
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Fig.5 Segmentation results on medical image
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(WFLICM &7 KWFLICM & 1 ELM-NK- Tab.4 Time comparison of three algorithms on medi-
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R Gy R A FLICM

M(20%)  2033.862  3059.039 1612.041
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(a) Ra B & (c) FGFCM 4 %1
(a) Original image (b) Noise image (c) FGFCM split graph

(d) WFLICM %> &1 (e) KWFLICM 4% (f) ELM-NKWFLICM %3 £ &
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph

Fl6 5 Lk AR B G # 95

Fig.6 Segmentation results on the first natural image

(a) R U5 B 1% (b) M7= K% (c) FGFCM 2 &1 /&

(a) Original image (b) Noise image (c) FGFCM split graph

® ”

«

(d) WFLICM %> &1 (e) KWFLICM 4% (f) ELM-NKWFLICM%} £ &
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph

K758 25K AR R S 8

Fig.7 Segmentation results on the second natural image

(a) R EK (b) M7= EHER (c) FGFCM%r &

(a) Original image (b) Noise image (c) FGFCM split graph

(d) WFLICM %> &1 (e) KWFLICM 4+ %1 (f) ELM-NKWFLICM%3 £ &
(d) WFLICM split graph (e) KWFLICM split graph  (f) ELM-NKWFLICM split graph

K8 33Kk AR E B #9:4

Fig.8 Segmentation results on the third natural image
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IR AR ST 0 A W R Y AR R L RE x5 IMEZEFIRKARERLHHRELER
T HA 3P B TS T 3P40 RS B & Tab.5 Time cost of three algorithms on the first natu-
i 19 H % (WFLICM 85 3 . KWFLICM 55 3 ral image s
- ) b Ay | K SEREIwiZ - -
ELM-NKWFLICM %% ) 73 %I [ 4% 9 i} 5] # e WELICM  KweLey  EEMNKW
P B0 U ELM-NKWFLICM #3519 43 1 3% FLICM
L Y T #6(0.02)  1527.368  1861.228  1268.434
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