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Abstract Due to the image noise and boundary uncertainty, the noise resistance and accuracy of image segmentation
algorithm is a challenging task. Two improvement fuzzy clustering algorithms for image segmentation are proposed.
The proposed algorithms for image segmentation act as the following two steps. The first step is detecting the
probability of every central pixel being a noise point adaptively based on the grey levels in its local information. The
detecting results, playing the roles of denoising and detail information, are used to construct a new image, and then
two novel segmentation algorithms based on fuzzy clustering are proposed. The second step is detecting the
potentially misclassified pixels and refining the segmentation results by correcting the errors of clustering for
improving the segmentation accuracy and visual effects. The obtained segmentation algorithms are carried out on
synthetic image, Berkeley images and other real images in different noise levels. The results show that the proposed
algorithm has advantages of segmentation accuracy and adjusted rand index compared with the others fuzzy
clustering algorithms, and the segmentation results have clear contour and better visual effects.
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Table 1 Diagram of post processing

Step 1: extraction of potentially misclassified pixels

Step 2: reclassification of the extracted pixels (x,)

1 <1 1 for all extracted pixels x;, do
2 for all pixels x; of the image do 2 forV x;€x,, do
3 if [label (x;)#label (3X3 neighbourhood) ] then 3 Find arg max (J,) by using formula (23)
4 x,=x; 4 end for
5 <= 1+1 5 end for
6 end if 6 return segmentation results
7 end for
8 return x,
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Table 2 Parameters setting for different

segmentation algorithms

Parameter setting

Algorithm " o A 2. T .
FCM_S1 2 4 300 10°°
FCM_S2 2 4 300 107°
EnFCM 2 4 300 10°°
FGFCM 2 3 3 300 10 °°
FLICM 2 300 10°°
NDFCM_P 2 3 3 300 1077
FNDFCM_P 2 3 3 300 107
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Fig. 3 Segmentation of synthetic image with Gaussian noise(0, 0.03). (a) Original image; (b) image with
Gaussian noise (0, 0.03); (¢) FCM_Slalgorithm; (d) FCM_S2 algorithm; (e) EnFCM algorithm;
() FGFCM algorithm; (g) FLICM algorithm; (h) NDFCM_P algorithm; (i) FNDFCM_P algorithm
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Fig. 4 Segmentation of synthetic image with salt & pepper noise (0.1). (a) Original image; (b) image with
salt & pepper noise (0.1); (¢) FCM_S1 algorithm; (d) FCM_S2 algorithm; (e) EnFCM algorithm;
(f) FGFCM algorithm; (g) FLICM algorithm; (h) NDFCM_P algorithm; (i) FNDFCM_P algorithm
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Table 3 Comparison of indices of different segmentation algorithms under different noise levels
Noise level Index FCM_S1 FCM_S2 EnFCM FGFCM FLICM NDFCM_P FNDFCM_P
Gaussian noise (0.0.03) SA 0.9224 0.9358 0.9249 0.9476 0.9543 0.9845 0.9825
USSR notse 2. 1. ARI  0.8966  0.9144  0.8999  0.9302  0.9391  0.9792 0.9767
Gaussian noise (0.0.04) SA 0.8957 0.8899 0.8983 0.9257 0.9413 0.9731 0.9714
o ) o ARI 0.8613 0.8666 0.8644 0.9011 0.9217 0.9641 0.9619
. SA 0.8962 0.9586 0.9575 0.9703 0.8725 0.9966 0.9934
Salt & pepper noise (0.1)
ARI 0.8616 0.9448 0.9434 0.9604 0.8300 0.9954 0.9911
Gaussian noise (0,0.02) & SA 0.8502 0.9170 0.9189 0.9341 0.8426 0.9837 0.9790
salt & pepper noise (0.1) ARI 0.8002 0.8894 0.8919 0.9122 0.7901 0.9784 0.9720
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Fig. 5 Comparison of synthetic segmentation results in different neighborhoods.

(a) NDFCM_P algorithm; (b) FNDFCM_P algorithm
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Fig. 6 Segmentation results of #42049 (a) Original image; (b) image with mixed noise; (c¢) standard manual segmentation;
(d) FCM_S1 algorithm; (e) FCM_S2 algorithm; (f) EnFCM algorithm; (g) FGFCM algorithm; (h) FLICM algorithm;
(i) NDFCM_P algorithm; (j) FNDFCM_P algorithm
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Fig. 7 Segmentation results of #238001. (a) Original image; (b) image with Salt & Pepper noise; (c¢) standard manual
segmentation; (d) FCM_SI1 algorithm; (e) FCM_S2 algorithm; (f) EnFCM algorithm; (g) FGFCM algorithm;
(h) FLICM algorithm; (i) NDFCM_P algorithm; (j) FNDFCM_P algorithm

# 4 Berkeley FI18 4% 73 #5488 1938 bR X 1

Table 4 Comparison of indices of different segmentation algorithms on Berkeley image

Image Noise level Index FCM_S1 FCM_S2 EnFCM FGFCM FLICM NDFCM_P FNDFCM_P
Gaussian SA  0.9407  0.9392  0.9417  0.9483  0.9529  0.9547 0.9539
noise (0,0.05)  ARI  0.8815  0.8783  0.8834  0.8966  0.9058  0.9094 0.9078
Salt & pepper  SA  0.8918  0.9529  0.8917  0.9465  0.9373  0.9601 0.9563
£ 42049 noise (0.2) ART  0.7836  0.9058  0.7833  0.8929  0.8346  0.9202 0.9127
Gaussian noise g 0.9072  0.9292  0.9147  0.9416  0.9454  0.9525 0.9531
(0,0.04) & Salt &
. ARI  0.8144  0.8584  0.8295  0.8832  0.8908  0.9050 0.9062
pepper noise (0.1)
Gaussian SA  0.5926  0.5740  0.8938  0.9153  0.8447  0.9475 0.9495
noise (0,0.02)  ARI  0.3890  0.3611  0.8408  0.8731  0.7671  0.9212 0.9242
Salt & pepper  SA  0.7083  0.9071  0.7673  0.9146  0.6634  0.9610 0.9585
£238001  noise (0.1) ARI  0.5625  0.8606  0.6509  0.8719  0.4951  0.9415 0.9378
Gaussian moise  gA 985 06005  0.6592  0.9422  0.7031  0.9578 0.9578
(0,0.01) &. Salt &
ARI  0.4428  0.4008  0.4888  0.9134  0.5547  0.9367 0.9368

pepper noise (0.05)
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Fig. 8 Comparison of # 42049 segmentation results in different neighborhoods.
(a) NDFCM_P algorithm; (b) FNDFCM_P algorithm

P HEIERER IR B 2 T SRS, B R Bt T4
ERARY i ErE O o AR e W SN @
Bhf,
4.4 EHIXIEITRIE
BRSBTS R — KRR, X
M T A EE Berkeley I, DL S HoAth 1% H 45
B 4 — 1 e AR A S 15 A B BR, S8 T 7 Fh AR
PR EEs el M, BA 3R 5 pron . Bk s
IF IR AT 10 Yz AT i X mp ), Of B9 S 1y 2 %
KT .

mixed noise

43 HMEHKRELR

Shy HE— 2 B AR SCR 0 o B R AR L R A Sk
Ll A 5 T 7 AR 43 il i 9 Cad 110 Ca) il
7o XL 9Ca) BRI C0,0.02) Y 5 1r e 75 DL K% %5 15 g
0.02 [ABER IR 7 i e 1 4n 9 (b)) BF 7R, 158 8 43 54K
AL R 7 FE R R 9 (b)) BE AT 4 L &5 R
K 9(e)~ MR, X 10 REIEEE N 0.1 HEh
MR QR 10(h) BT 7R , B JE 8 ¢ = 3, A EI 45 R
WE 10Ce) ~ O FR .,

& 9.10 AJHI,NDFCM_P & 3:Hl ENDFCM_

@

B9 ARRREE Ak LGRS RIE L. @I ER ()RS B ER (o) FCML_ST J ik (d) FCM_S2 5
(e) EnFCM & ¥ (1) FGFCM & ¥ (g) FLICM % ; (h) NDFCM_P %% ; (i) FNDFCM_P %%
Fig. 9 Segmentation of stone mountain image by different algorithms. (a) Original image; (b) image corrupted by mixed noise;
(¢) FCM_Slalgorithm; (d) FCM_S2 algorithm; (e) EnFCM algorithm; (f) FGFCM algorithm; (g) FLICM algorithm;
(h) NDFCM_P algorithm; (i) FNDFCM_P algorithm
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Fig. 10 Segmentation of coin image by different algorithms. (a) Original image; (b) image corrupted by salt & pepper noise;
(c) FCM_SI algorithm; (d) FCM_S2 algorithm; (e) EnFCM algorithm; (f) FGFCM algorithm;
(g) FLICM algorithm; (h) NDFCM_P algorithm; (i) FNDFCM_P algorithm
F 5 ORIESFEISEE R IB AT I R H

Table 5 Comparison of execution time by different segmentation algorithms

Size / Time /s
Image Cluster
(pixel X pixel) FCM_S1 EnFCM FLICM NDFCM_P FNDFCM_P
Synthetic image 128X 128 4 0.25 0.06 16.59 0.95 0.81
#42049 image 481X321 2 0.76 0.04 121.63 108.61 112.28
Coin image 308X 242 3 4.52 0.04 39.46 29.65 30.80
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