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Abstract: The existing soft subspace clustering algorithm is susceptible to random noise when MR images are segmented, and it is easy
to fall into local optimum due to the choice of the initial clustering centers, which leads to unsatisfactory segmentation results. To solve
these problems, this paper proposes a soft subspace algorithm for MR image clustering based on fireworks algorithm. Firstly, a new
objective function with boundary constraints and noise clustering is designed to overcome the shortcomings of the existing algorithms that
are sensitive to noise data. Next, a new method of calculating affiliation degree is proposed to find the subspace where the cluster is
located quickly and accurately. Then, adaptive fireworks algorithm is introduced in the clustering process to effectively balance the local

and global search, overcoming the disadvantage of falling into local optimum in the existing algorithms. Comparing with EWKM, FWKM,
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FSC and LAC algorithms, experiments are conducted on UCI datasets, synthetic images, Berkeley image datasets, as well as clinical
breast MR images and brain MR images. The results demonstrate that the proposed algorithm not only can get better results on UCI
datasets, but also has better anti-noise performance. Especially for MR images, high clustering precision and robustness can be obtained,

and effective MR images segmentation can be achieved.

Key words: fireworks algorithm; soft subspace clustering; noise clustering; MR image; image segmentation
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Table 2 Dataset information

2
Tris 150 4 3
Glass 214 9 6
heart 270 13 2
Sonar 208 60 2
Wine 175 13 3
Table 3 Clustering result of FWASSC, EWKM, FSC, FWKM, LAC runs 20 times (RI)
3 FWASSC,EWKM,FSC,FWKM,LAC 20 (RI)
FWASSC EWKM FSC FWKM LAC
s Mean 0.924 6 0.854 9 0.910 8 0.898 3 0.843 5
Std 0.015 1 0.056 9 0.078 3 0.083 0 0.057 1
Glass Mean 0.6845 0.661 0 0.590 3 0.579 8 0.674 3
Std 0.025 6 0.028 4 0.087 7 0.094 1 0.019 2
heart Mean 0.644 1 05159 0.5519 0.547 8 05136
Std 0.017 6 0.002 5 0.033 1 0.031 5 0.009 9
Sonar Mean 0.548 2 0.505 1 0.501 4 0.501 4 0.506 4
Std 0.0118 0.002 4 0.002 0 0.000 8 0.003 5
Wine Mean 0.860 9 0.708 3 0.600 1 0.600 2 0.702 9
Std 0.026 6 0.013 3 0.005 5 0.005 5 0.023 8
Table 4 Clustering result of FWASSC, EWKM, FSC, FWKM, LAC runs 20 times (NMI)
4 FWASSC,EWKM,FSC,FWKM,LAC 20 (NMI)
FWASSC EWKM FSC FWKM LAC
- Mean 0.8250 0.726 2 0.818 2 0.787 5 0.719 3
s Std 0.028 7 0.057 1 0.077 3 0.1152 0.057 9
al Mean 0.3216 03190 0.198 0 0.229 3 03204
ass Std 0.029 0 0.0515 0.060 7 0.052 2 0.042 4
W, Mean 0.268 3 0.021 3 0.093 5 0.092 6 0.022 4
‘- Std 0.024 5 0.004 0 0.038 2 0.032 2 0.012 0
3 Mean 0.050 0 0.009 9 0.0150 0.013 6 0.0118
Sar Std 0.029 7 0.002 7 0.006 9 0.003 0 0.005 5
Wi Mean 0.6825 0.429 3 0.146 9 0.152 2 0422 6
1ne Std 0.042 1 0.007 9 0.018 4 0.020 7 0.027 5
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3.2.1
1(a) 0.1 0.003 ,
EWKM,FWKM,FSC,LAC 4 , (e~ 1(g) . ,
EWKM,FWKM,FSC s ; LAC
(b) (c) EWKM
(d) FWKM (e) FSC (f) LAC (g) FWASSC
Fig.1 Clustering result of noisy images
1
322
Berkeley , . 2(a)

) 2 . 2(b)~  2(f)

(¢) LAC

(d) FWKM (e) FSC (f) FWASSC

Fig.2 Berkeley natural image clustering results
2 Berkeley
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Table 5 Dice coefficients of Fig.2
5 2 Dice
FWASSC EWKM FSC FWKM LAC
DC 0.872 6 0.637 4 0.718 4 0.709 7 0.648 3
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Table 6 Running time of each algorithm on Fig.1 and Fig.2
6 1 2
(s)
FSC FWKM EWKM LAC FWSSC
1( ) 100x100 3 1.36 1.37 1.46 1.35 2.02
2 321x481 2 0.95 0.98 0.96 0.95 1.50
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> , s :TR=5.6ms, TE=2.76ms,
0.3mm, 1.2mm,FOV=34cmx34cm, 512x512, 60s.

(b) FSC (¢) FWKM

(d) EWKM (e) LAC (f) FWASSC

Fig.3 Clustering results of clinicalmammography MR images
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(d) EWKM (e) LAC (f) FWASSC

Fig.4 Clustering results of brain MR images
4 MR

, MR . PSOVW  DESC,

, uclI
, MR , MR
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