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Abstract; Among many modified fuzzy c-mean (FCM) algorithms, the adaptive spatial fuzzy c-
means ( ASFCM) clustering algorithm is quite advantageous, as it has the adaptive parameters and
changes the structure of spatial penalty to make the objective function continuous, but it cannot
restrain the large noise contained by infant brain MR images. In response to this issue, we
improve the ASFCM algorithm with non-local weights and the kernel function, which is named as
the improved ASFCM algorithm with kernel function and non-local weights. Then, the FCM
algorithm, RFCM algorithm, ASFCM algorithm and the algorithm we proposed are used to
segment the clinical infant brain MR images with different kinds and intensities of noise. Results
show that the segmentation accuracy and denoising ability of the proposed algorithm are greatly
improved compared with the other three algorithms, and our algorithm has obvious advantages for
the infant brain MR image segmentation.
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Fig. 1 Results of the 4 algorithms segmenting images with 0. 01 Gaussian noise and ground truth
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Fig. 2 Local contrast results of the 4 algorithms segmenting images with 0. 01 Gaussian noise
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Table 1 DSC results of the 4 algorithms segmenting
images with salt & pepper noise
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Table 2 DSC results of the 4 algorithms segmenting
images with Gaussian noise

0.05 0.1
Ak

WM GM CSF WM GM CSF

0.01 0. 02
RS

WM GM CSF WM GM CSF

FCM  0.8681 0.8724 0.7222 0.6818 0.7865 0.676 6
RFCM  0.8905 0.8603 0.6719 0.8545 0.7641 0.474 6
ASFCM  0.8971 0.8460 0.4790 0.8488 0.8129 0.6729

ASCE I 0.9182 0.8904 0.7628 0.8946 0.8691 0.7403

FCM  0.8159 0.7565 0.2246 0.7455 0.6500 0.2100
RFCM  0.8486 0.7954 0.198 1 0.7854 0.7025 0.196 6
ASFCM  0.8716 0.8241 0.2269 0.8491 0.7690 0.213 4

ASCE: 0.91340.8791 0.7328 0.8889 0.8490 0.7062

. 0.15 0.2
ik WM GM CSF WM GM CSF

0.03 0.04
Bk

WM GM CSF WM GM CSF

FCM  0.7211 0.7933 0.6587 0.5504 0.6899 0.5710
RFCM  0.7940 0.7561 0.4969 0.7397 0.6761 0.4599
ASFCM  0.8214 0.7787 0.5045 0.8195 0.7768 0.4315
ASCHE: 0.8322 0.8610 0.7078 0.8463 0.8433 0.663 1

FCM  0.7316 0.6278 0.1938 0.7053 0.5861 0.173 0
RFCM  0.7654 0.6757 0.1822 0.7160 0.5984 0.180 6
ASFCM  0.8171 0.7433 0.2374 0.7916 0.7335 0.2040

A 0.8602 0.8084 0.6509 0.8248 0.761 1 0.545 4
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Fig. 3 DSC charts of the 4 algorithms segmenting images with salt & pepper noise or Gaussian noise
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