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Abstract— Focal cortical dysplasia (FCD) is a frequent cause
of epilepsy and can be detected using brain magnetic resonance
imaging (MRI). One important MRI feature of FCD lesions
is the blurring of the gray-white matter boundary (GWB),
previously modelled by the gradient strength. However, in
the absence of additional FCD descriptors, current gradient-
based methods may yield false positives. Moreover, they do
not explicitly quantify the level of blur which prevents from
using them directly in the process of automated FCD detection.
To improve the detection of FCD lesions displaying blur, we
develop a novel algorithm called iterating local searches on
neighborhood (ILSN). The novelty is that it measures the width
of the blurry region rather than the gradient strength. The
performance of our method is compared with the gradient
magnitude method using precision and recall measures. The
experimental results, tested on MRI data of 8 real FCD patients,
indicate that our method has higher ability to correctly identify
the FCD blurring than the gradient method.

I. INTRODUCTION

Nowadays, approximately 50 million people are suffering
from epilepsy all over the world [1], and 30% of them
have focal cortical dysplasia (FCD), which is a localized
malformation of brain cortical development [2]. In clinical
treatments, FCD lesions are often removed by resective
surgery. Before the surgery, it is essential to detect the loca-
tion of FCD lesions. This is typically done using magnetic
resonance imaging (MRI), which is the most important tool
in the presurgical evaluation of FCD lesions [1]. However,
some FCD cases still remain undetected for several reasons
including the subtlety of FCD malformations, complex con-
volutions of the human cerebral cortex and the partial volume
effect in the imaging process [2] [3].

On T1-weighted MRI scans, FCD lesions are typically
characterized by [4] an increased gray matter thickness (GM-
thickness, also called cortical thickness), hyper-intensity in
the dysplastic lesional regions and/or the blurring of the
gray-white matter boundary (GWB) which corresponds to
the increased width of GWB (GWB-width). Fig. 1 illustrates
the concepts of GM-thickness and GWB-width. The GM-
thickness focuses on GM region while the GWB-width
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Fig. 1. An illustration of the concepts of GM-thickness and GWB-width.
Regions with increased GM-thickness and/or GWB-width indicate possible
FCD lesions
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Fig. 2. Intensity change at GM/WM transition. The slower intensity
transition results in the increased GWB-width (blurring of GWB) and
indicates possible FCD lesions

focuses on the transition between GM and white matter
(WM). In particular, for FCD displaying blur, the voxel
intensity varies slower than that within the healthy GWB
as illustrated in Fig. 2. The slow-changing intensity results
in the increased GWB-width.

The feature of increased GM-thickness has been exploited
a lot [5] [6] [7], but the blur at GWB has been studied by
few researchers [4] [8], and without a satisfactory solution.
This is an important problem because some FCD lesions
display only blurring of GWB (increased GWB-width) [1].
To improve the detection of this kind of FCD lesions, it is
essential to estimate the GWB-width.

Previously, blurring of GWB has been detected by com-
puting the gradient magnitude on the MRI volumes resulting
in a gradient map [4]. On the gradient map, a low value
of gradient magnitude represents a possible FCD lesion.
However, if we look at gradient map, low gradient magnitude
appears on any region with slow intensity transition (e.g.
approximately flat GM and WM regions). Such regions
may incorrectly be identified as FCD lesion. Therefore, the
gradient magnitude method may introduce false positives
(FPs). Moreover, current methods relying on the gradient
magnitude do not explicitly quantify the level of blur at GWB
which prevents from using them directly in the process of
automated FCD detection.
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Fig. 3. Illustration of the work flow. (A) a region of the preprocessed T1-
weighted MRI which includes an FCD lesion. (B) the result of brain tissue
segmentation of (A) showing GM, WM and GWB regions. (C) potential
map generated by modeling (B) as an electric field and solving Laplace’s
equation on the GWB. (D) the GWB-width calculated from (C) using our
proposed ILSN algorithm; the values 0-6 denote width in mm.

To detect the FCD regions displaying blur at GWB, we
propose a new method called iterating local searches on
neighborhood (ILSN) to quantitatively measure the GWB-
width. Since GWB corresponding to a FCD lesion is wider
than the healthy GWB, the regions with the increased GWB-
width represent possible FCD lesions.

The paper is structured as follows. In section II the test
images and the proposed algorithm are explained. The results
and discussion are presented in section III and finally section
IV concludes this paper.

II. METHODS

A. Image data and preprocessing

In this study, we selected T1-weighted MRI images of 8
patients (one image per patient) with FCD lesions, displaying
blur at GWB [9]. The images were acquired at Ghent Univer-
sity Hospital on a Siemens 3T MRI scanner (256×256×176
voxel matrix with a resolution of 0.8594 mm × 0.8594 mm
×0.9 mm). In each image, a neuroradiologist (KD) manually
delineated the location of the FCD lesions prior to this study.
We will use this as ground truth to assess our method.

As preprocessing, we first apply automated brain extrac-
tion by Brain Extraction Tool (BET) [10] and bias correction
by FSL-FAST [11]. For greater precision of our calculations,
we interpolate MRI data into the resolution of 0.5 mm ×0.5
mm× 0.5 mm. An example preprocessed image is shown in
Fig. 3A. Note that all our computations are performed in 3D
space.

B. Tissue segmentation

Our goal is to estimate the blur at GWB (increased
GWB-width), so it is necessary to first extract the GWB
region. To achieve this, we apply the segmentation of FSL-
FAST [11] to obtain the spatial information of GM and
WM, i.e., the partial volume maps (PVMs) of GM and

WM. The FSL-FAST segmentation is based on a hidden
Markov random field model and an associated expectation-
maximization algorithm. In the PVM of one tissue class (GM
or WM), each voxel contains a value between 0 and 1 which
represents the proportion of the class’s tissue present in that
voxel. As an example, a voxel in the PVM of GM with a
value of 0.7 contains 70% of GM and 30% of other tissues.

Next, we use the PVMs to label the voxels of GM, WM
and GWB as following,

L(k) =


LGWB, 0 < PGM(k) · PWM(k) < 1

LGM, PGM(k) = 1

LWM, PWM(k) = 1

(1)

where L(k) is the label at a given voxel k, PGM(k) and
PWM(k) are the values in the PVMs of GM and WM,
respectively. LGWB, LGM and LWM are the labels of GWB,
GM and WM volumes. An example segmented brain MRI
image is shown in Fig. 3B.

C. Generating the potential map

To obtain path from GM to WM over every voxel labelled
LGWB, we model the GWB as an electric field [6]. In
terminology of electric fields, the value at a given point
is equal to the negative gradient of the electric potential at
that point ψ. Here, ψ is related to the distance between the
current point and the boundary of the electric field. For our
application, GM and WM are taken as the boundaries of the
electric field, and the potential map (Fig. 3C) is created by
solving the Laplace’s equation over the GWB volume.

As the initialization for solving the Laplace’s equation, we
take fixed values ψGM, ψGWB and ψWM as the potentials in
GM, GWB and WM, respectively. To make sure there is a
path from GM to WM at every voxel of GWB, these values
should satisfy the following criterion: ψGM < ψGWB <
ψWM. For example, we take ψGM = 50, ψGWB = 100,
and ψWM = 150. After solving the Laplace’s equation over
GWB volume, the potential values in GM and WM keep
ψGM and ψWM respectively, while the potential values in
GWB volume vary from ψGM to ψWM as depicted in Fig.
3C.

D. ILSN method

After producing the potential map, we estimate the GWB-
width for every voxel within GWB volume. For a given voxel
in GWB located at b, let us denote by g and w the closest
voxels located in GM and WM, respectively.

First, we iteratively find w using the following equation,

b(t+1) = argmax
q(t)∈N(b(t))

ψ
(

q(t)
)
. (2)

Here, t ≥ 1 identifies the iteration, b(t) is the position of the
center voxel of the t-th iteration, N(b(t)) is a cubic local
window (3 × 3 × 3) around b(t), and q(t) is the position
of the neighboring voxel within N(b(t)). Iterations continue
until ψ(b(t+1)) = ψWM, and then w = b(t+1).
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Similarly, g can be found by iterating as follows:

b(t+1) = argmin
q(t)∈N(b(t))

ψ
(

q(t)
)
. (3)

Iterations continue until ψ(b(t+1)) = ψGM, and then g =
b(t+1).

Finally, we compute the GWB-width D at a given voxel
(b) as

D (b) = d (b,w) + d (b, g) , (4)

where d(b,w) is the Euclidean distance between the voxels
positions b and w.

After D is computed for all GWB voxels, we generate a
GWB-width map for each image as illustrated in Fig. 3D. On
the GWB-width map, the voxels whose width is larger than
a certain threshold T (D(b) > T ) are identified as possible
FCD voxels. The threshold is chosen according to the the
GWB-width in healthy region.

E. Quantitative Evaluation

To evaluate the performance of our ILSN method, we
compare the results to the ground truth. First, we determine
the numbers of: correctly identified FCD voxels (true pos-
itives, TPs), non-FCD voxels incorrectly identified as FCD
(FPs) and FCD voxels incorrectly identified non-FCD voxels
(false negatives, FNs). To assess the influence of thresholds
on the results, we vary the threshold T from Tmin to Tmax

(Tmax ≈ 20 mm) with a step experimentally set to 0.2 mm.
For each threshold T , we compute the precision and recall.

Precision indicates how many of the positively classified
voxels are relevant (true FCD) and is defined as (the number
of TP)/(the number of TP + the number of FP). Recall is
equivalent with sensitivity and defined as (the number of
TP)/(the number of TP + the number of FN).

The values of precision and recall range from 0 to 1 and
are inversely related. When precision equals 1, then all the
positive results are true FCD voxels. When recall equals 1,
then no FCD regions with blur at GWB are missed. Precision
can be seen as a measure of exactness, whereas recall is a
measure of completeness.

For comparison with an existing method, we calculate the
gradient magnitude [12] on the whole MRI volumes resulting
in a gradient map for each image. For fairness, we only
consider in the analysis the voxels belonging to the GWB
region, both for ILSN and gradient map. We vary T from
Tmin = 1 to Tmax = 255 with a step of 1. Note that in the
case of gradient lower values indicate more blur, thus voxels
with gradient smaller than T are taken as positive results.

III. RESULTS AND DISCUSSION

Qualitative results of the proposed and the previous
method for detecting blur at GWB are shown in Fig. 4. On
the gradient map, low values suggest possible FCD regions.
However, it can be observed that not only FCD regions
with GWB-blurring, but also GM and WM regions have low
gradient values (see arrows). On the GWB-width map, the
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Fig. 5. Comparison of GWB-width map and gradient map with precision
and recall for the MRI images of 8 real FCD patients. Every point
correspondences one of the thresholds which have been mentioned on the
method section. The graph shows that the GWB-width map has higher
precision and recall values than the gradient map. This indicates that the
GWB-width map has higher ability to correctly identify the GWB-blurring
within FCD regions, and can be a good MRI feature of FCD lesions.

regions with large values of GWB-width correspond visually
to true FCD regions in MRI images.

False positive results from GWB-width map mainly appear
on the top of brain, deep gray matter, caudate nucleus and
cerebellum. The presence of the FP results on the top of
the brain agrees with the fact that that the blurring of
GWB appears to be wider in some non-FCD regions around
central sulcus (on the top of the brain) due to large amount
of incoming or outgoing fibers [8]. The deep GM (two
symmetrical brighter regions in Fig. 4), caudate nucleus and
cerebellum regions have no clinical correlations with the
FCD lesions [13]. The occurrence of FP in these FCD-
irrelevant regions is mainly due to the fact that the tissue
segmentation does not remove the FCD-irrelevant brain
tissues. Therefore, in the future, to achieve fully automated
FCD detection, those FCD-irrelevant brain tissues could be
removed using a human brain MRI atlas.

The results of quantitative comparison of the two methods
are presented in Fig. 5. Given the same recall, precision of
the GWB-width map is larger than that of the gradient map.
For example, when 50% of the FCD regions with GWB-
blurring are correctly identified (recall = 0.5), precision
is 0.91 on the GWB-width map and 0.47 on the gradient
map. This indicates that using GWB-width to detect FCD
blurring is more accurate than using the gradient. Given
the same precision, the recall from the GWB-width map
is bigger than that from the gradient map. For example,
when 50% of the positive results are relevant FCD regions
(precision = 0.5), the recall is 0.75 on the GWB-width
map and 0.42 on the gradient map. This indicates that the
GWB-width map has higher ability of correctly identifying
the GWB-blurring within FCD regions.

The highest precision of the gradient map is 0.68, quite far
from the maximum value of 1 as shown in Fig. 5. Because
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Fig. 4. The two rows correspond to two different patients. For each patient, the columns represent (from left to right): the preprocessed MR image,
magnification of the squared regions from the surrounding two columns, the gradient map generated from the preprocessed MR image, the result of
the tissue segmentation (colors have the same meaning as in Fig. 3B), magnification of the squared regions from the surrounding two columns, and the
GWB-width map computed by the proposed ILSN method. The red and white rectangles (squared regions) denote true FCD regions (ground truth) as
annotated by a neuroradiologist (KD).

the low gradient values exist not only in FCD regions with
the blurring of GWB, but also on healthy GWB where there
are flat intensities. On the other hand, the highest precision
of GWB-width is almost 1. Because when T is large enough
on GWB-width map, most of the healthy GWB volumes can
be correctly recognized, so that FP is much smaller than TP
producing a large precision value.

IV. CONCLUSION

The purpose of this study was to quantitatively analyze
the blurring of GM/WM transition which is an important
MRI feature for FCD detection and corresponds to increased
GWB-width. Using the proposed ILSN approach, we have
estimated the GWB-width and generated GWB-width maps
for 8 patients with FCD lesions displaying blurring. Overall,
our results demonstrate larger levels of blur (GWB-width) in
FCD regions compared with the healthy regions. Moreover,
the curves of precision and recall suggest that the proposed
ILSN approach has higher ability of correctly identifying
the FCD blurring than the gradient magnitude method.
Therefore, the proposed ILSN approach for estimating the
GWB-width is a good candidate for quantifying blur for FCD
detection. Our future research will focus on using the GWB-
width map together with other MRI features of FCD lesions
and developing classifiers for fully automated FCD detection.
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