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Combining Concatenated Random Forests and Active Contour for
the 3D MR Images Segmentation

MA Chao'? LIU Ya-Shu* LUO Gong-Ning* WANG Kuan-Quan®

Abstract Since it is difficult for the random forest (RF) method to achieve geometrically constrained result and the
active contour model (ACM) can not segment tissue structures with overlapped signals automatically, when segmenting
medical magnetic resonance (MR) images in three dimensions, a combined concatenated random forests and active contour
model approach is proposed in this work for the 3D segmentation of medical magnetic resonance images. The multiscale
local robust statistics image information is extracted from the multimodal magnetic resonance volumetric data, and then
is used to drive the random forest to perform voxel classification iteratively. As a consequence, the initial segmentation
result for the tissue structure is achieved. Furthermore, the initial result is integrated into a scale scalable active contour
model as the initial contour and shape prior. In this way, the independent voxel classification is reformulated as contour
evolution, and the final accurate and geometrically constrained segmentation result is achieved. Experimental results on
publicly available datasets demonstrate that, compared to several related methods, the proposed automated segmentation

method has considerable improvement in terms of segmentation accuracy and robustness.
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Fig.1 Flowchart of the proposed segmentation framework
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Fig.2 A two-dimensional illustration of the random

robust statistics features learning scheme
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Fig.3 Overview of the voxel-wise classification within the proposed concatenated scheme
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Fig.6 Multiple slices of the 3D segmentation results for low quality volumetric MR images in different views
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Fig.7 Impact of different parameters in the concatenated random forests
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