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1. INTRODUCTION
We propose an automated method to segment WMH that uses no a priori information and performs a texturebased classification of pixels within the brain white matter.1 The main goal is to compute the probability of
each pixel being normal tissue or white matter hyperintensity (WMH), by generating a probability map. Based
on this probability map, we can automatically segment the WMHs.

2. METHODOLOGY
The proposed methodology is performed on a slice-by-slice basis and has four key steps (outlined in Fig. 1). Step
1 is image pre-processing and 1a) crops the image to just fit the brain, 1b) resizes it to 200x200 (on a per slice
basis) using a bicubic interpolation, 1c) segments the white matter, and 1d) normalize image intensities to the
range [0, 255] (Fig. 2). The white matter segmentation is automatically performed by using a max-tree structure.
The max-tree node corresponding to the connected component with largest rectangularity ratio, i.e., volume of
the object divided by the volume of its bounding-box, is selected as being the most appropriate white-matter
segmentation. Only nodes with volumes ranging between 200 ml and 500 ml are considered.

Figure 1: Methodology overview: pre-processing and feature extraction, are followed by the probabilistic random
forest classification and post-processing (Steps 1 to 4)
In Step 2, feature extraction is performed. First 2a) the local binary pattern (LBP), and both 2b) structural
and 2c) morphological gradients are computed for each slice (Fig. 3). Then for each pixel within the white
matter, a feature vector is computed containing 2d) the intensity value of that pixel in the following images:
T1, FLAIR, next most anterior FLAIR slice, next most posterior FLAIR slice, LBP, gradient, morphological
gradient; and the mean white matter intensity (to provide overall information about the slice). A total of eight
features are extracted for each pixel within the white matter.
In Step 3, the training dataset is used to train a probabilistic random forest classifier.2 The output of this
classifier is a probabilistic map, containing the probability that each pixel is WMH. Images within the testing
dataset are then tested using this classifier.
The WMH segmentation is achieved after post-processing (Step 4). First 4a) the WMH probabilistic map is
thresholded. After the probability map thresholding (≥ 0.7), the resulting connect components serve as regions
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Figure 2: Pre-processing step (Step 1 in Fig. 1): (a) original FLAIR image; (b) cropped image; (c) resized (to
200 × 200) image; (d) mask containing only white matter.
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Figure 3: Feature extraction (Step 2 in Fig. 1) on a pixel-by-pixel basis showing intensity values in: (a) original
FLAIR image; (b) local binary pattern; (c) structural gradient; (d) morphological gradient images.
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Figure 4: Post-processing step (Step 4 in Fig. 1): (a) ground truth; (b) WMH probability map; (c) threshold
probabilistic map; (d) morphological area open; (e) final result after resizing to the original image space.
of interest (ROIs) (i.e., they contain pixels with high probability of being WMH). Then, 4b) a morphological area
open operator is applied to the ROIs to remove noise and small regions (i.e., ROIs of < 10 pixels are removed).
The resulting segmentation is 4c) resized back to the original image space, giving the final WMH segmentation
result (Fig. 4).
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