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Introduction

White matter hyperintense lesions have been associated with a 
variety of disorders, including cognitive impairment and motor 
dysfunctions. These lesions have also been considered as potential 
markers for cerebral integrity. On T2-weighted, proton-density or 
FLAIR MRI scans, these lesions are visible as bright, diffuse areas, 
eventually with irregular margins.

The Segmentation Method

The method requires that each subject have both a T1-weighted image 
and a FLAIR image.  The pipeline (Figure 2) starts with some 
preprocessing steps. The parameters that coregister each subject’s FLAIR 
to the corresponding T1-weighted image are estimated and the T1-
weighted image is segmented into grey matter (GM), white matter (WM) 
and cerebrospinal fluid (CSF) using the methods described in [3]. The CSF 
partition is warped to the standard MNI space, and the same parameters 
used for this non-linear transformation are subsequently applied to the 
coregistered FLAIR image, which in the same step is also bias-corrected.

This warped and bias-corrected FLAIR image is masked using an a priori 
WM mask and the CSF partition. The WM mask in its turn can be 
generated from the WM tissue probability maps, and possibly modified to 
remove voxels from non-interesting regions. After masking, the mode and 
the standard deviation of the FLAIR image are normalised, to allow the 
use of consistent thresholds across different subjects in the subsequent 
steps. For this intensity normalisation, only the central part of the 
histogram is used, to avoid the undesired shifts due to outliers, which can 
be possible hiperintense lesions.

After the intensity-normalisation, the masked FLAIR image is dilated 
(grayscale dilation) using a spherical, discrete structuring element. This 
resulting dilated image is compared with the non-dilated, allowing the 
identification of local maxima within a distance determined by the 
diameter of the structuring element. The local maxima that are brighter 
than a certain conservative threshold and also sufficiently brighter than a 
FLAIR template are selected and receive unique labels. This image 
containing the labelled highest maxima is further masked to remove mid-
sagital voxels, in particular the voxels in or very near the septum 
pellucidum, which otherwise would tend to be detected as spurious 
lesions. The remaining labelled local maxima are convolved with a small, 
spherical kernel allowing the identification of the neighbouring voxels 

within a given distance. The average intensity of these neighbouring 
voxels is computed for each maxima, and if they fail to reach a certain 
threshold, the corresponding maxima is discarded.

In parallel, the voxels in the the intensity-normalised, masked FLAIR 
(without dilation) that are above a certain more liberal threshold and also 
sufficiently brighter than the FLAIR template are selected as candidate 
lesions and uniquely labelled. If inside each of these labelled regions 
there is at least one local maxima that survived the above criteria, then 
the whole candidate lesion is declared as a lesion, otherwise it is 
discarded. If the lesion is smaller than a specified size, it is also 
discarded. The final step consist in the filling of occasional hollow areas 
inside lesions.

Parameters: The thresholds that select how bright a local maximum has 
to be if compared with the other voxels within the same masked, 
intensity-normalised image, as well in comparison with the FLAIR 
template, influence how many lesions are detected. The number of 
detected lesions is also influenced by how bright the neighbouring voxels 
of each local maximum have to be in order to be not discarded. The 
thresholds that select how bright larger areas have to be in order to be 
selected as potential candidate lesions, either in comparison with the 
other voxels in the intensity-normalised, masked FLAIR image or in 
comparison with the FLAIR template, determine the spatial extent of the 
detected lesions. All these parameters can modified by the user. 

Template: Ideally, the FLAIR template should be produced from images 
free of lesions, which require the lesions to be detected first. To 
circunvent this problem, a first-pass template can be produced by initially 
averaging a set of images (regardless of having lesions or not), then using 
the above procedure to detect lesions, possibly with a lower sensitivity. 
The images that contain no lesions, or only small lesion volumes can be 
averaged again to produce a second-pass template, and this process can 
be repeated iteractively.

Results

We applied the segmentation method to images of 449 subjects, which 
were also manually segmented. The parameters that would produce a 
good compromise between the ability to identify correctly the lesions, 
avoiding false positives and negatives, were defined heuristically.

We found an average agreement between the results from both 
approaches. Figure 3 shows the average of all the segmentations for the 
automatically (upper row) and for the manually segmented images (lower 
row), overlayed on a T1 template for anatomical reference. A surface 
model produced with Mango [4] of the regions most frequently identified 
as lesions is also shown. A remarkable difference is that in the manual 
segmentation more emphasis was given to possible lesions located in the 
topology corresponding to the superior portion of the corona radiata 
(detected three to four times more often than the automatic), whilst the 
automated method identified more commonly the white matter regions 
posterior to the lateral ventricles, in the topology of the forceps major, 
posterior parts of the corona radiata, as well as postero-superior parts of 
the inferior longitudinal fasciculus (detected approximately twice as often 
than by manual segmentation).

M
an

ua
l

Au
to

m
at

ic

0.01 0.10Colorscale:

Figure 3: Average of detected lesions across subjects

The correlation of the global white matter hyperintensity volume between 
segmented and manual was 0.8763 (R^2 = 0.7679), demonstrating that 
the method can recover most of the variance of the manual segmentation, 
as shown in Figure 4. However, in accordance to the different preferred 
selected regions, voxelwise measurements of overlap [5] of lesions 
obtained by both methods showed a relatively poor overlap. While the 
automatic method detected on average 2254 mm3 per subject, the 
manual method detected on average 2581 mm3. We found, however, only 
1210 mm3 per subject of average overlap, as showed in the Venn 
diagram. The regions that most frequently are detected by both methods 
corresponds to the antero-superior portion of the corona radiata. This 
also reflects the preference by the manual method for lesions closer to 
the laterals of the lateral ventricles, rather the the more posterior and 
that were more commonly detected by the automatic method.

Implementation

The algorithm was implemented in MATLAB, as a toolbox to be 
integrated in SPM, with an user-friendly interface, shown in Figure 5. 
The user can access a window to select all the original FLAIR and T1-
weighted images and choose at his discretion all the parameters that 
drive the preprocessing steps, namely the coregistration and the 
unified segmentation. All the selected options are stored in a 
standard SPM jobfile, which can be reviewed and run either entirely 
at once or in smaller parts. The second step is the actual lesion 
segmentation. The user is offered a window in which he can either 
select pairs of already preprocessed FLAIR and corresponding 
warped CSF partition, or just select a previously saved jobfile. In the 
same window, all the parameters that drive the segmentation can be 
set. The default values are stored in a separate file, which can be 
modified to meet different needs. After the segmentations are 
finished, a third step consist in the generation of tabular reports 
containing the volumes of the lesions per subject. In the same 
window it is possible to create new jobfile, removing images which 
contain lesion volumes that are larger or smaller than a specified 
value, which is useful when selecting only certain images to be used 
to generate a template.

Some utilities were included, as a tool to generate a FLAIR template, 
a tool to verify if original image pairs are correct for each subject, a 
tool to produce orthogonal slices to inspect the preprocessing result 
and a tool to (un-)compress the NIFTI files listed in the jobfile.

Figure 2: The Method

Figure 5: Graphical User Interface

Conclusion and Further Developments

We developed an algorithm for segmentation of white matter 
hyperintensities that uses standard image processing tools, is 
intuitive, easy to use, and obviate the need for manual intervention.

Possible improvements include the use of previously segmented ima-
ges in a Bayesian framework. In addition, the best parameters to be 
used as default may be obtained with an automated, iteractive 
process, comparing the outputs with reference segmentations.

Figure 1: Examples of Hyperintensities
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Figure 4: Total Volume (mm3, standard space)
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Smaller lesions:
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The relatively inconstant patterns of these lesions make them 
difficult to properly define in terms of contrast to the remaining of 
brain tissue, hence, to properly delineate and quantify.

Here, we propose a method for automatic segmentation of white-
matter hyperintensities. This method is based on routines already 
freely available to the neuroimaging community, and is currently 
implemented as a toolbox for SPM [1]. It can also be implemented 
for use with FSL [2].
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