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Three-Dimensional Segmentation of Brain Tumors in Magnetic
Resonance Imaging Based on Improved Continuous Max-Flow
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Abstract In order to solve the problem of insufficient segmentation of brain tumors in magnetic resonance imaging
(MRI) caused by noise, poor contrast, and diffused boundaries of tumors, a three-dimensional (3D) segmentation
algorithm for brain tumor MRI images based on the improved continuous max-flow is proposed in this paper.
Firstly, three types of MIR images, Flair, T1C and T2, are pre-processed with median filtering and fast fuzzy C
means clustering. Then, the pre-processed images are linearly fused in the ratio of 5:1:4 (Flair, T1C, and T2)
which is statistically observed from a large amount of experiments. Next, the 3D fused image is clustered by the fast
fuzzy C-means algorithm to obtain the 3D under-segmented image. Finally, the proposed improved continuous max-
flow algorithm acts on the 3D under-segmented image to obtain the final segmentation result with scattering points
removed according to the analysis of the structural features and statistical characteristics of the 3D under-segmented
image. The experimental results show that the average Dice coefficient, precision, and recall of the proposed
method relative to the gold standard is up to 0.90, 0.94, and 0. 86, respectively. The proposed algorithm can
realize the 3D segmentation of the target regions precisely and automatically to meet the clinical medicine
requirement.
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Fig. 1 Framework of the segmentation algorithm proposed
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Fig. 2 Four types of brain tumor MRI images and the expert segmentation result
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Table 1 Processing result of 45 images for different ratios

Fusion ratio 1:0:0 0:1:0 0:0:1 8:0:2  7:1:2  7:0:3  6:0:4 6:1:3  5:2:3 5:1:4
Dice 0.8277 0.2066 0.6989  0.8329 0.8368 0.850Z2 0.8600 0.8619 0.8608 0.8958
Precision 0.8965 0.4879 0.7687 0.9316  0.9349 0.9269 0.9246 0.9078 0.9014 0.9359
Recall 0.7545 0.3786 0.5758 0.7671 0.7820 0.8062 0.8004 0.8445 0.8601 0.8626
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Fig. 3 Three types of brain tumor MRI images and the fused image. (a) Flair; (b) T1C; (¢) T2; (d) fused image
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Fig. 4 Histograms of three types of brain tumor MRI images and the fused image.

(a) Flair; (b) T1C; (¢) T2; (d) fused image
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Fig. 5 Main steps of HGG 3D segmentation. (a) Under-segmented image; (b) accurate-segmented image;

(c) final segmented result; (d) gold standard
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Fig. 6 Main steps of LGG 3D segmentation. (a) Under-segmented image; (b) accurate-segmented image;

(c) final segmented result; (d) gold standard
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Table 2 Segmentation of the HGG in various directions

Direction Under-segmented image

Accurate-segmented image

Final segmented image Gold standard

Horizontal

planc n u
Coronal

plane ‘
Sagittal

plane '

Dice 0.9007 0.9449

# 3 LGG A[FT7 75 825 R
Table 3 Segmentation of the LGG in various directions

Direction Under-segmented image  Accurate-segmented image Final segmented image Gold standard

Horizontal

plane

Coronal

plane

Sagittal

plane

Dice 0.8662

0.9024

0.9038
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Table 4 Segmentation performance evaluation of

improved FCM segmentation method

Method Dice Precision Recall Time /min
FCM 0.88 0.92 0.83 0.4
Proposed 0.90 0.94 0.86 0.3
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Table 5 Index statistics of HGG, LGG and all data
Index Statistics HGG LGG All data
Max value 0.9449 0.9038 0.9449
Dice Min value 0.8521 0.8553 0.8521
Mean 0.8959 0.8848 0.8948
Standard deviation 0.0251 0.0221 0.0240
Max value 0.9861 0.9922 0.9922
Precision Min value 0.8201 0.8034 0.8034
Mean 0.9359 0.9268 0.9351
Standard deviation 0.0470 0.0733 0.0492
Max value 0.9787 0.9412 0.9787
Recall Min value 0.7582 0.7516 0.7582
Mean 0.8627 0.8543 0.8619
Standard deviation 0.0495 0.0681 0.0508
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Table 6 Segmentation performance evaluation of three segmentation methods
Method Dice Precision Recall Time /min
Zhao et al .’ 0.87 0.93 0.86 3
Pereria et al.""] 0.88 0.89 0.88 7.5
Proposed 0.90 0.94 0.86
5 é:pl'f -i/t\‘ 2013[J]. CA: A Cancer Journal for Clinicians, 2013,
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