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Noisy Image Segmentation via Swarm-based Possibilistic C—means
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Abstract

In this paper, we propose a swarm-based possibilistic c-means(PCM) algorithm in order to

overcome the problems of PCM, which are sensitiveness of clustering performance due to initial

cluster center’s values and producing coincident or close clusters. To settle the former problem of

PCM, we adopt a swam-based global optimization method which can be provided the optimal initial

cluster centers. Furthermore, to settle the latter problem of PCM, we design an adaptive thresholding

model based on the optimized cluster centers that yields preliminary clustered and un—clustered

dataset. The preliminary clustered dataset plays a role of preventing coincident or close clusters and

the un-clustered dataset is lastly clustered by PCM.

From the experiment,

the proposed method obtains a better performance than other PCM

algorithms on a simulated magnetic resonance(MR) brain image dataset which is corrupted by various

noises and bias—fields.

» Keywords: Noisy Image Segmentation, Possibilistic c-means, Swarm-based Clustering, MR brain Image,

Noise level.
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[1l. Proposed Swam-based PCM
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Fig. 1. Flowchart of the proposed swam-based PCM
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[V. Experiment Resulis

1. Dataset and Performance Measure
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Fig. 2. Clustering results with respect to 7y in the T1-weighed
96th MR brain image which corrupted by 9% Gaussian noise
and 40% bias—field.
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2. Experimental Results

2.1 Qualitative Results
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Fig. 3. Segmentation results: (a) Original image with 7%/40%(Noise/bias—field level), (b) Ground true of image, (c) Result
of PCM with user—defined centers, (d) Result of [10], (e) Result of [16], (f) Result of the proposed method.

Fig. 4. Segmentation results: (a) Original image with 9%/20% (Noise/bias—field level), (b) Ground true of image, (c) Result
of PCM with user—defined centers, (d) Result of [10], (e) Result of [16], (f) Result of the proposed method.
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Fig. 5. Segmentation results: (a) Original image with 9%/40% (Noise/bias—field level), (b) Ground true of White Matter (WM),
Grey Matter (GM), Cerebrospinal Fluid (CSF) and total region, (c) Result of PCM with user—defined centers, (d) Result of [10],
(e) Result of [16], (f) Result of the proposed method.
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2.2 Quantitative Results
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Table 1. Quantitative evaluation results for various methods

Methods | Noise level 7% 9%
Bias—field 20% 40% 20% 40%
WM 0.1581 | 0.2207 | 0.1584 | 0.1826
GM 0.4489 | 0.4628 | 0.4383 | 0.4456
PCML2] CSF 0.8633 | 0.8559 | 0.8178 | 0.8275
Total 0.3946 | 0.4229 | 0.3847 | 0.3977
WM 0.8784 | 0.8567 | 0.1289 | 0.1911
[10] GM 0.7774 | 0.7466 | 0.3016 | 0.3015
CSF 0.8271 | 0.8068 | 0.5373 | 0.5189
Total 0.8323 | 0.8069 | 0.2880 | 0.3058
WM 0.8855 | 0.8567 | 0.8241 | 0.8053
[16] GM 0.7992 | 0.7633| 0.7051 | 0.6846
CSF 0.8355 | 0.8124| 0.7544 | 0.7362
Total 0.8454 | 0.8140 | 0.7678 | 0.7475
WM 0.8830 | 0.8660 | 0.8335 | 0.8290
Proposed GM 0.7703 | 0.7438 | 0.6840 | 0.6915
method CSF 0.8464 | 0.8233 | 0.7914 | 0.7992
Total 0.8376 | 0.8155 | 0.7736 | 0.7743
V. Conclusions
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