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Brain MRI Segmentation Algorithm Based on K-means and Graph Cut

Tian Huan', Qin Xiao', Yuan Changan', Liu Zhijin', Liao Janping®

(1. College of Computer and Information Engineering, Guangxi Teachers Education University, Nanning, 530032, China;2. Col-

lege of Information Engineering, Nanning University, Nanning, 530200, China)

Abstract: To overcome the target boundary prone to be misclassification for an original image when the
user-selected seed pixels become less in the graph cut algorithm. An interactive K-means and graph cut
algorithm (KMGCOC) is proposed in the combination of the K-means with graph cut(GC) algorithm and the
interactive segmentation with brain magnetic resonance image (MRI). The MRI intensity inhomogeneity
is processed by K-means clustering algorithm. On this basis, the graph cut algorithm will further refine
the MRI, so as to obtain effective segmentation of white matter and gray matter. We implement exten-
sive segmentation experiments using both synthetic and real brain MRIs. Quantitative and qualitative an-
alyses are carried out about the experimental results, and the results are compared with other segmenta-
tion algorithms. The experimental results show that the KMGC algorithm can effectively divide the brain
MRI, and outperform others on the segmentation effect.

Key words: graph cut; interactive; brain magnetic resonance image (MRD ; K-means
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(a) Original brain MRI (b) Result of GC algorithm (c) Result of GC algorithm
outlined WM for WM
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(d) Result of GC algorithm (e) Result of GC algorithm (f) Result of KMGC algorithm
outlined GM for GM outlined WM
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(g) Result of KMGC algorithm (h) Result of KMGC algorithm (1) Result of KMGC algorithm
for WM outlined GM for GM

Kl 2 KMGC &3 F GC B kX il MRI i 43 51 45
Fig. 2 Results of KMGC and GC algorithms for brain MR image segmentation

(2) KMGC/} EIGMI 45 5% (b) KMGCH. %4 FIWMIK) 45 5 (©) XBAKAFIGMIILE
(a) Result of KMGC for GM (b) Result of KMGC for WM (c) Result of region growing for GM

(d) RIRAKFFIWMIRI 45 52 (OERREITYI () SArHER 5T
(d) Result of region growing for WM (e) GM ground truth (f) WM ground truth
3 KMGC 53 A XA 1B 3 %0 il MRT i 73 0 45 2
Fig. 3 Results of KMGC and region growing algorithms for brain MRI segmentation
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(d) Result of GOK-means (e) Result of GOK-means (f) Result of KMGC (g) Result of KMGC
for WM for GM for WM for GM
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Fig. 4 Results of KMGC and GOK-means algorithms for brain MRI
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Fig.5 Results of KMGC and interaction watershed region merging algorithms for brain MRI segmentation
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