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Optimizing the Use of Radiologist Seed Points for
Improved Multiple Sclerosis Lesion Segmentation

Jon McAusland, Roger C. Tam∗, Erick Wong, Andrew Riddehough, and David K. B. Li

Abstract—Many current methods for multiple sclerosis (MS) le-
sion segmentation require radiologist seed points as input, but do
not necessarily allow the expert to work in an intuitive or effi-
cient way. Ironically, most methods also assume that the points
are placed optimally. This paper examines how seed points can
be processed with intuitive heuristics, which provide improved
segmentation accuracy while facilitating quick and natural point
placement. Using a large set of MRIs from an MS clinical trial,
two radiologists are asked to seed the lesions while unaware that
the points would be fed into a classifier, based on Parzen windows,
that automatically delineates each marked lesion. To evaluate the
impact of the new heuristics, an interactive region-growing method
is used to provide ground truth and the Dice coefficient (DC) and
Spearman’s rank correlation are used as the primary measures of
agreement. A stratified analysis is performed to determine the ef-
fect on scans with low-, medium-, and high lesion loads. Compared
to the unenhanced classifier, the heuristics dramatically improve
the DC (+32.91 pt.) and correlation (+0.50) for the scans with low
lesion loads, and also improve the DC (+14.55 pt.) and correlation
(+0.15) for the scans with medium lesion loads, while having a min-
imal effect for the scans with high lesion loads, which are already
segmented accurately by Parzen windows. With the heuristics, the
DC is close to 80% and the correlation is above 0.9 for all three
load categories.

Index Terms—Magnetic resonance imaging (MRI), multiple
sclerosis (MS), seed points, segmentation, white matter lesions
(WMLs).

I. INTRODUCTION

MRI is an extremely sensitive method for visualizing white
matter lesions (WMLs) that are associated with a broad

spectrum of pathology ranging from normal aging to neurode-
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generative diseases, such as multiple sclerosis (MS). The vol-
umetry of WMLs is used as a biomarker in many types of
neurological studies [1] and as a result, many methods for
the segmentation of WMLs on MRI have been proposed (e.g.,
[2]–[11]). These methods range from those that require the op-
erator to visually check or interact with every lesion [3], [4], [9]
to methods that are largely or fully automatic [5]–[8], [10], [11].

The intensity range of WMLs on MRI typically overlaps
with those of healthy tissues, making the inclusion of all lesion
voxels without introducing “false positive” regions a difficult
challenge. To reduce misclassification, the majority of WML
segmentation techniques rely on some input from a human ex-
pert who is ideally a radiologist with experience in the particular
pathology being studied. This input is most commonly in the
form of sample points placed on lesions [3], [9] and in some
cases several types of healthy tissue as well [2], [4], [7], [8].
The most interactive of these techniques uses the sample points
as seed points from which each lesion is grown under man-
ual control, but using some measure of voxel coherence for
guidance, such as local intensity difference [3] or fuzzy con-
nectivity [9]. Other more automated methods use the sample
points to compute the candidate regions without further manual
interaction [2], [4], but may require the manual identification of
false positives as a postprocessing step [4]. There are a num-
ber of methods that employ an extrapolative approach in which
the radiologist places sample points on a set of training im-
ages to tune the algorithm, which can then be applied in a fully
automatic fashion to new scans acquired with similar MRI pa-
rameters [7], [8]. A few algorithms require no manual input at
all to identify the lesions [6], [10], [11], but in some cases, they
reduce misclassification by strategies that would bias their suit-
ability against certain pathology. For example, the systematic
exclusion of detected WMLs between the lateral ventricles [6]
would reduce the effectiveness of the method for analyzing MS
lesions, which are common in the corpus callosum [12]. In other
cases, the algorithms are either mathematically complex para-
metric methods [10] or require processing steps that are difficult
to optimize, such as nonrigid registration to atlases [11]. As a
group, the completely automatic methods have the potential
for future applicability, but remain mostly unvalidated for large
multicenter studies.

A common approach shared by many of the current tech-
niques that use manually placed points is to apply a non-
parametric method of density estimation, such as the Parzen
windows [13] or the k-nearest neighbors (k-NN) [14], to the
samples to compute a probability density function (PDF) of
each tissue type [2], [4], [7], [8]. The PDFs express the proba-
bility that a voxel with a given intensity value belongs to a cer-
tain class. These probabilities are used to compute a statistical
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classification that is sometimes used as the final output [2], but
due to the common problem of overlapping distributions, the
classification is typically refined further with spatial processing,
which can include morphological operations [7] or atlas-based
filtering [8].

The majority of methods that use radiologist-placed sample
points require the expert to place the points in a way that sat-
isfies the processing constraints of the segmentation algorithm,
but is not necessarily intuitive or efficient for the expert. For
example, to ensure computational stability, some methods ask
the user to place a fixed number of lesion points per region or
scan, regardless of the actual number of lesions [2], [4], [8].
These algorithms also typically require that samples from five
to seven healthy tissue classes be placed in addition to the lesion
class, which can be a distraction from the already difficult task
of identifying WMLs, especially for scans with a large num-
ber of abnormalities. In some cases, the expert is also asked to
perform particularly challenging tasks, such as placing points
on the partial volume areas on the boundaries of healthy tissues
to simulate WML intensities [4] or applying different types of
markers for the same tissue class depending on the perceived
intensity [2]. In addition to requiring the expert to perform tasks
that may be unintuitive, most algorithms also assume that the
positions of the resulting points are optimal for subsequent PDF
estimation, even though for small lesions, minor differences in
placement can have a significant effect on the estimated distribu-
tions. One method attempts to account for placement errors by
clustering the samples by intensity then excluding outliers [2],
but this can remove potentially valuable information.

This paper examines how expert-placed points can be pro-
cessed to improve the accuracy of MS lesion segmentation
without placing additional burden on the radiologist. Using
T2-weighted (T2w) and proton density-weighted (PDw) MRIs,
the radiologist is asked to place sample points as visual indi-
cators of the location and extent of the pathological areas, but
does not need to be concerned about the actual number of points
being placed or their underlying intensities. This freedom is
achieved by three heuristics: 1) correct for positional errors in
the points; 2) dynamically adjust the number of sample points
used for PDF estimation; and 3) refine the shape of each lesion
by modeling some basic elements of visual shape perception. In
our experiment, the radiologist seeds each lesion, but the rest of
the processing pipeline, including the estimation of the normal
tissue PDFs, is fully automatic. We choose to use this level of
interactivity instead of a more automated approach, such as only
asking the expert to label a smaller set of training images that
can then be used to compute a lesion atlas, for two reasons. The
first is that we would like to observe the effects of the imple-
mented heuristics as directly as possible, without having to be
concerned about confounding issues, such as the accuracy of
image registration to the atlas [15]. The second reason is that
although MRI is very sensitive to white matter (WM) abnor-
malities, it lacks specificity and, therefore, expert knowledge is
required to distinguish MS lesions from other pathology, such
as vascular disease [16]. Applying the proposed algorithm to a
large set of MRIs from a multicenter MS clinical trial, we are
able to demonstrate that the heuristics have a strong positive

Fig. 1. Lesion segmentation pipeline.

effect on segmentation performance, particularly in the scans
with lower lesions loads, for which most current methods show
reduced accuracy [5]–[8] when evaluated with relative measures
that normalize the amount of overlap or error with the overall le-
sion volume, such as the commonly used Dice coefficient (DC)
(defined in Section II-F).

II. METHODOLOGY

The lesion segmentation pipeline for testing our optimization
heuristics is composed of several main components, as illus-
trated in Fig. 1. As described in detail in the following sections,
a Parzen window classifier takes as input the radiologist-placed
lesion points as well as automatically generated sample points
of normal-appearing WM, grey matter (GM), and cerebrospinal
fluid (CSF). Two of the optimization heuristics are incorporated
into the Parzen classifier, whereas the third is applied afterward.

The test dataset was collected for a clinical trial in relapsing–
remitting MS and is composed of 234 PDw/T2w MRI pairs (468
individual volumes) from 29 scanning sites. The study protocol
for this data was approved by the Institutional Ethics Review
Board. The scans were acquired with a dual-echo sequence so
that each PDw/T2w pair is inherently registered. The image
dimensions are 256 × 256 × 50 voxels with voxel size 0.937 ×
0.937 × 3.0 mm. The echo time (TE) and repetition time (TR)
values vary depending on the site: TE1 = 8.4–28.1 ms, TE2 =
61.3–96.0 ms, and TR = 2500–3000 ms. Two radiologists who
are highly experienced in MS lesion identification participated
in this study. Each radiologist was assigned a set of scans on
which they worked independently.

A. Preprocessing

Each MRI undergoes several preprocessing steps before le-
sion identification and segmentation are performed. The first is
the correction of MR intensity inhomogeneity using a multiscale
version [17] of the nonparametric nonuniform intensity normal-
ization (N3) method [18]. The next step is the application of a
structure-preserving noise-removal filter named SUSAN [19],
applied with conservative parameters that have been empirically
determined to improve the visual quality of the images without
compromising the appearance of subtle lesions. For the auto-
matic generation of nonlesion sample points and Parzen win-
dow classification, the MRI is further processed by removing all
nonbrain tissues with the brain extraction tool (BET) [20]. N3,
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Fig. 2. (a) PDw image. (b) T2w image. (c) Automatically generated sample
points (blue = WM, green = GM, and yellow = CSF) and radiologist-placed
lesion points (red). The points are enlarged in the image for increased visibility;
the radiologists normally use smaller markers for greater precision. (d) T2w
image with overlay of lesions segmented by Parzen windows.

SUSAN, and BET are all widely used and publicly available as
free software.

B. Lesion Point Placement

The lesion points are marked on each T2w/PDw scan pair
using in-house software that allows the user to view and place
points on either image, with the resulting points displayed on
both echoes. The interface also provides interslice context by
displaying the current slice with the two adjacent slices simul-
taneously. The placing of the lesion points by the radiologists is
guided by a minimal set of instructions that are meant to allow
the radiologists to work efficiently and intuitively. Working on
one slice at a time, but using the two adjacent slices for ref-
erence, the radiologists are asked to place the points as visual
indicators of where the lesions are, so that another user, typically
a trained technician, would take the points and apply a semi-
automatic region-growing method (described in Section II-F)
to segment each lesion. For this study, the radiologists were
blinded from the fact that their input points would be used to
automatically delineate the lesions, nor did they have access
to image histograms or other intensity tools to aid them in the
placement of the points. The guidelines given to the radiologists
consist of three main points:

1) mark all focal WMLs consistent with MS pathology, re-
gardless of their size;

2) place more than one point on a lesion, if they feel that the
additional points would help a technician see the extent of
the lesion;

3) place at least one point near the center of each lesion.
Fig. 2 illustrates an example of the placement of lesion points.

C. Automatic Generation of WM, GM, and CSF Sample Points

The sample points for WM, GM, and CSF are generated au-
tomatically with an algorithm consisting of the following three
main steps, which are performed on the entire scan.

1) An approximate CSF mask is computed. We employ a
method based on one previously used to perform compu-

Fig. 3. Two-dimensional histogram of image intensities formed from a dual-
echo PDw/T2w pair. The blue, green, and yellow points represent the automat-
ically generated sample points for WM, GM, and CSF, respectively. The red
points represent the lesion points placed by a radiologist on the MRIs.

tation of whole-brain volume [21], which has been shown
to be stable in longitudinal studies of atrophic brains. First,
a T2w/PDw ratio image of the intradural region is com-
puted. In this image, the CSF is brighter than all other
tissues. A single Gaussian curve is fitted to the histogram
of the ratio image to capture the intensity range spanned by
the WM and GM, using the Levenberg–Marquardt nonlin-
ear optimization algorithm to minimize the sum of squared
differences. All voxels that are higher than the center of
the Gaussian by two standard deviations are classified as
CSF.

2) The intensity cluster centers of WM and GM are com-
puted from the ratio image excluding CSF by a modified
C-means clustering method [22]. An anisotropic diffusion
filter [23] is applied to the image before clustering to im-
prove the overall smoothness of the intensity distribution
of each tissue without introducing interclass blurring. The
clustering algorithm is then initialized with three classes,
representing WM, GM, and lesion. The role of the le-
sion center is to minimize the impact of any bright lesion
pixels on the accuracy of the computed WM and GM cen-
ters, rather than to estimate the real mean lesion intensity.
The WM and GM cluster centers are computed as per the
traditional C-means method, but the proportion of lesion
is highly variable; therefore, we cannot always assume
that there are enough lesion pixels for their cluster center
to be computed accurately. Instead, in each iteration of
clustering, the lesion center is computed as a fixed offset
of the maximum of the other two centers. A reasonable
value has been empirically determined to be 30% and is
fixed for all of our experiments. After clustering, the 2-D
histogram space formed by the PDw and T2w intensities
is computed (see Fig. 3), and two separating circles cen-
tered on the WM and GM cluster centers are drawn, with
their radius being one-half of the distance between the two
centers. The voxels within the intensity ranges defined by
the circles form the WM and GM masks from which the
sample points are taken.

3) Sample points for WM, GM, and CSF are randomly
selected within the masks computed earlier. To ensure
that the intensity distribution of each tissue type is well
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represented, a minimum number of sample points of each
type (15 each for WM and CSF, 8 for GM) are taken from
each slice. In addition, the samples are spatially separated
such that a minimum distance (15 mm) is enforced be-
tween any two samples of the same type. This distance
was determined by searching for the value that maximizes
mean spatial distribution with the given number of points,
optimized over a large number of development scans.

D. Parzen Window Classification

Given a set of n sample pixels with intensities {xi , i =
1, . . . , n} and tissue labels {yi, i = 1, . . . , n}, the Parzen win-
dow method [13] can be used to estimate an intensity PDF of
each tissue. Note that each xi can be a vector, with dimensional-
ity equal to the number of image types being used. Because we
are using two types of scans (PDw and T2w), our sample points
have 2-D intensity vectors. The Parzen window method is well
known; therefore, rather than explaining it in detail, we summa-
rize it by providing the equation that expresses the probability
that a given intensity vector x has tissue label y

P (y|x) =

∑
i,yi =y K(x,xi)

∑n
i=1 K(x,xi)

(1)

where K is a fixed-size kernel function, typically a Gaussian for
MRI data, centered at each sample point. In all of our experi-
ments, the radius of the kernel is fixed to be 10% of the dynamic
range of the scan.

In our study, each voxel inside the skull is labeled as belonging
to one of the four types: WM, GM, CSF, and lesion. For lesions
that are close in intensity space to GM and/or CSF, the nonlesion
sample points help to limit “leakage” of the lesions into normally
appearing tissue. The classifier can be seen as attempting to find
the optimal boundaries between the lesion cluster and the other
clusters in the 2-D histogram space, as illustrated in Fig. 3.

Each slice is processed individually, with the sample points
used for Parzen estimation taken from the current slice and
the two adjacent slices. We use three slices to estimate a lo-
cal distribution because most lesions are less than 10 mm in
diameter [24], and three slices at 3 mm thickness would span
most lesions centered on the middle slice. In addition, using a
small slab helps to avoid inaccuracies in PDF estimation due to
MR field inhomogeneity and natural variations in tissue inten-
sity in different parts of the brain. However, if the number of
lesion seed points in the slab is very low, the number of slices
can be increased gradually until there are sufficient points. This
procedure is explained in Section II-E2.

For each slice, all of the voxels that have the highest probabil-
ity of being part of a lesion based on their intensity are grouped
using connected component analysis, performed in 2-D due to
the anisotropic nature of the scans. Any isolated region that does
not contain a radiologist-placed seed point is removed as a false
positive. Such regions are common in areas with partial volume.

E. Optimizing Use of Radiologist-Placed Seed Points

We propose three simple but effective heuristics that can be
used individually or in combination to improve the accuracy of

MS lesion segmentation. Two of these heuristics are designed
to improve the accuracy of the estimated PDFs by adjusting
the position and the number of seed points used for the Parzen
window computation, and the third is a purely spatial method
that uses the corrected point positions to approximate visual
shape partitioning to identify areas that are likely to be false
positives.

1) Positional Adjustment: The first heuristic that we apply
is a positional correction of each seed point using the intensities
of the voxels in the surrounding neighborhood. The motivation
for this adjustment is the observation that the typical MRI scans
used for visualizing WMLs have voxels that are relatively large
compared to many of the smaller MS lesions, causing many
of these lesions to be imaged with a large percentage of par-
tial volume. The result is that unless the radiologist can place
a seed point precisely and consistently within the bright center
spot of each small lesion, which would be impractically slow,
if done on a large scale, it is likely that for scans with numer-
ous small lesions, many of the seed points would be placed
on voxels with a high degree of partial volume, which would
incorrectly skew or shift the estimated lesion intensity distri-
bution. To address this problem, we search the neighborhood
of each seed point for the brightest voxel, which is likely to
indicate the purest lesion content. The search region is defined
as the set of voxels {xs + kx + xn , ys + ky + yn | − r ≤ xn ≤
r,−r ≤ yn ≤ r}, where (xs, ys) are the 2-D coordinates of the
seed point, kx and ky specify a fixed offset to the center of the
search region that accounts for a potential systematic bias, and
{xn , yn} are the voxels that form a square neighborhood with a
maximum distance of r from the offset center. The inclusion of
the factors kx and ky is to account for a positional bias that we
hypothesize may exist due to a natural tendency of many com-
puter mouse users to place the pointer immediately next to small
targets rather than directly on top. After experimenting with a
number of different values for kx , ky , and r, and searching for
the intensity maxima in the PDw and T2w values individually
as well as their summed values, we have found that using the
PDw image alone with kx = −1, ky = 0, and r = 1 (window
size of 3 × 3 pixels) yields the best overall results from our data
used for development, and we have kept these parameters con-
sistent for all of our experiments. However, it should be noted
that using a larger window of size 5 × 5 centered on the original
radiologist-placed point yields results that are only slightly less
than optimal. The value kx = −1 indicates that the radiologists
have a tendency to place lesion points one pixel to the right of
the intended target, possibly because of eye and/or hand dom-
inance. A possible explanation for why using the PDw alone
gives the best overall results is that in the case of periventricular
lesions, relocating to the brightest pixel in a T2w image may
land the seed point inside CSF.

2) Sample Size Adjustment: The Parzen window method
aims to estimate a continuous distribution function from dis-
crete sample points and, therefore, the number of points used
can strongly influence the computed result. As explained in
Section II-D, our Parzen window algorithm uses a contiguous
slab of three slices to estimate the lesion PDF of the center
slice. Using a small slab helps to avoid inaccuracies in PDF
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estimation due to spatially varying intensity differences, but
problems can arise, if the slab contains too few lesion points to
form a representative sample, such as when only the partial vol-
ume region of a lesion is overlapping the slab, which can cause
the classifier to mislabel healthy tissue as lesion. To ensure that
there are sufficient lesion points whenever possible, we enforce
a lower bound on the number of points by enlarging the slab
on both sides until the threshold is reached or we run out of
slices. This approach has the same benefit as the k-NN method
that uses a fixed number of nearest neighbors in that a certain
level of stability can be expected of the classification process,
because they both ensure that a minimum number of samples
are used, but our method has the additional advantage of allow-
ing a greater number of samples to be used, if they are available
in the current slab. This dynamic adjustment of sample size by
adding slices to the slab is designed to strike a balance between
providing maximum information to the Parzen classifier and
minimizing the effects of inhomogeneity over larger regions.
Although increasing the number of slices may artificially widen
the estimated PDF, this effect should be slight compared to the
impact of insufficient samples, especially because the slab is
enlarged only to the extent necessary. After experimenting with
a lower bound ranging from 1 to 10 sample points (we saw no
improvements beyond 10), we have found that a minimum of
five points give the best overall results from our development
data, and we have kept this parameter consistent for all of our
experiments.

3) Shape Refinement: In addition to the two aforementioned
heuristics, we explored the possibility of using the corrected
sample point positions to refine the shape of the lesions to re-
duce false positives. The main idea is that some basic concepts
of shape perception can be used to model how an observer
would visually partition a 2-D region with distinguishable com-
ponents into subregions, and that this decomposition can be
used to remove parts of the segmented area that are unlikely to
be part of the true lesion. Our hypothesis is that a radiologist
would naturally place at least one seed point in each visually
distinct subregion, and that the exclusion of subregions without
seed points would result in an overall improvement in accuracy
by reducing the false-positive rate. It has been established that
sharp bends and narrowings are both important perceptual cues
for partitioning shapes and that these properties are represented
psychologically by an object’s axis of symmetry, or medial axis,
and its closest distance to the boundary [25]. We propose that
dividing each segmented region at angled narrowings would
significantly reduce the amount of misclassification. In partic-
ular, we have observed that many false-positive regions are in
the form of relatively thin structures, such as cortical GM or
partial volume at the WM/CSF interface that snake away from
a true lesion, as they follow the curves of the cortex or ventri-
cles. Fig. 4 shows an example of a periventricular lesion with a
long false-positive tail that bends around the third ventricle. To
approximate the proposed partitioning scheme without actually
computing a medial representation, which would be computa-
tionally expensive and sensitive to noise, we apply a visibility
test from each radiologist point in a segmented region to all
interior voxels of the region and remove any voxels that do

Fig. 4. Example of lesion shape refinement. (a) PDw scan with sample points
(blue = WM, green = GM, and yellow = CSF, red = lesion). (b) Lesions
segmented with Parzen windows. The larger lesion shows a long false-positive
tail. (c) Shape refinement heuristic clips the tail to give a truer result.

Fig. 5. Approximating visual shape partitioning using line-of-sight from ra-
diologist point. The sample point (red) is typically placed close to the medial
axis (solid line), and a visibility test can be used to approximate a partitioning
based on the angle of the medial axis and its closest distance to the boundary.
The dotted line shows the most natural division, of which the shaded region is
an approximation computed from the visibility test. In this case, the tail would
be removed as a false positive because it does not contain a lesion point.

not connect to any radiologist points via a straight line with-
out crossing the boundary (see Fig. 5). The rationale is that the
radiologists usually place at least one point near the center of
each lesion, because they are asked to do so and because of the
axis of symmetry’s strong relevance to shape perception, and a
visibility test from the center is a good first-order approximation
of the shape continuity between adjoining components because
the bend angle and narrowness of the junction are both taken
into account. Fig. 4 shows an example of how the false-positive
tail of a segmented region is removed using this method. Al-
though this heuristic is only an approximation to visual shape
partitioning, it is quick to implement and provides insight into
the feasibility of a shape perception-based approach.

F. Validation

For validation purposes, an existing semiautomatic 2-D
region-growing technique was applied to segment all lesions
in the test scans. In contrast to the Parzen window classifier
used in combination with the proposed heuristics, the semiauto-
matic tool requires that each lesion be interactively grown from
the seed points. This software has been used successfully in
a number of large MS clinical trials (e.g., [26] and [27]), and
five experienced technicians who have undergone an extensive
and externally audited training procedure were asked to analyze
the data in this study. The radiologists were not included in the
validation process primarily to avoid influencing the way they
place the seed points so that they can maintain their neutrality
for possible future experiments.

During interactive segmentation, a technician initiates the
growing process for each lesion from the one or more seed
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Fig. 6. Semiautomatic method used to produce validation data. On the left is a
PDw scan with sample points (blue = WM, green = GM, yellow = CSF, red =
lesion). The technician first tries to grow the lesion from the radiologist points
(red dots) only, but if the resulting region does not cover the lesion adequately,
the technician can add more lesion points, as indicated by the red +s. When
the technician selects a red point or + from which to start growing (circled red
+), the three sample points representing WM, GM, and CSF that are closest to
the lesion point, as indicated by the blue, green, and yellow dots enclosed in a
diamond shape, are used to constrain the growth. The orange area is the grown
lesion. The right image shows the T2w/PDw histogram with the selected lesion
point and the closest WM, GM, and CSF points displayed. The red area shows
the intensity space of the grown region allowed from this seed point, as it is
constrained by proximity in intensity space to the healthy sample points.

points placed by the radiologist. The operator is aided by an al-
gorithm that uses a local subset of the nonlesion (WM, GM, and
CSF) sample points generated by the same automatic method
as described in Section II-C to constrain the growing process.
For each seed point, the three points representing the closest
WM, GM, and CSF sample points are used to restrict the grown
region, which is only allowed to include voxels that are closer
in 2-D intensity space to the current seed point than the three
nonlesion points. The operator has full control of the growing
process in that if a lesion is too large or small with the current
constraints, he or she can add or delete lesion, WM, GM, or CSF
points and regrow the lesion as needed. Therefore, the sample
points are only meant as a guide. The 2-D histogram is also
displayed to the operator to aid the editing of points. At any one
time, only four points are used to constrain the growing process
because this allows the operator to predict with some accuracy
the effect of adding or deleting a particular point, and also see
the change in the segmentation in real time. Fig. 6 illustrates
an example in which the operator has added points to fill out a
lesion whose expansion is limited by nearby nonlesion points.
The operator can also manually draw line segments along the
perceived lesion boundary to prevent growing into an adjacent
region, but this is done only as a last resort.

To determine the impact of each heuristic on the accuracy
of lesion segmentation, we measure the differences between
the lesion regions produced by the Parzen window method and
those produced by trained technicians using the region-growing
method, which serves as the reference standard and the closest
available ground truth. The primary measure of accuracy that we
employ is the DC [28], which computes a normalized overlap
value between the automatic and manual methods as follows:

DC =
2 × (SParzen ∩ Smanual)

SParzen + Smanual
.

While the DC gives a good idea of overall accuracy, it is often
useful to have supplementary measures that provide information
on specific aspects of segmentation performance. To determine
the extent of the regions falsely classified as lesion by the Parzen
window method (i.e., lesions “leaking” into healthy regions), we
use the fraction of overestimation (FOE)

FOE =
SParzen ∩ Smanual

Smanual
.

To measure the extent of the regions classified as lesion by an
operator but missed by the Parzen window method, we use the
fraction of underestimation (FUE)

FUE =
SParzen ∩ Smanual

Smanual
.

Looking at the FOE and FUE together is more informative than
either alone and gives an idea of whether an algorithm tends
toward overestimation or underestimation, which can be used
to explain the DC score. The DC and FUE range between 0 and
1, whereas the FOE can exceed 1, and we typically multiply
all three values by 100 to obtain percentage values, mostly for
legibility when the numbers are displayed with high precision.

The DC, FUE, and FOE are all relative measures in that
the overlap or disagreement is normalized to the lesion load of
each scan. The use of relative measures is appropriate for this
application because small lesions need to be segmented more
accurately in order for the scans with low overall lesion volume,
which as explained in Section III tend to have smaller lesions, to
have a true volume rank within the population being studied so
as to facilitate a meaningful correlation to clinical assessments.

In addition to the DC, it would also be informative to have an-
other primary measure that examines the effect of the heuristics
on the total lesion volume of each scan relative to the population.
For this purpose, we compute the Spearman’s rank correlation
coefficient (ρ) between the automatically derived values and the
reference values. A correlation coefficient close to unity would
suggest that the automatic method can be used in place of the in-
teractive method for the purpose of ranking the scans according
to lesion load.

III. RESULTS

To examine the results, we have stratified the scans into three
equally sized groups or tertiles, based on their reference lesion
loads. Table I lists the means and standard deviations of the
three tertiles. Overall, the dataset represents a wide range of
lesion load. The table also shows the summary statistics for the
lesion size (as produced by the expert segmentation) and num-
ber of distinct lesions, also stratified by lesion load. The reason
for breaking the dataset down into lesion load categories is that
scans with low lesion loads tend to be more challenging to seg-
ment accurately for most current methods (e.g., [5]–[8]) because
the lesions tend to smaller and in lower numbers. Smaller lesions
tend to be more subtle in terms of intensity because of patholog-
ical state and partial volume, and this combined with a limited
sample size makes obtaining a representative and distinct inten-
sity distribution more difficult. For the current dataset, the lesion
load and mean lesion size are strongly correlated (0.84), as are
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TABLE I
LESION VOLUME, MEAN LESION SIZE, AND LESION COUNT FOR THREE

TERTILES OF SCANS AS STRATIFIED BY LESION LOAD

TABLE II
SEGMENTATION ACCURACY FOR SCANS IN FIRST TERTILE OF LESION LOAD

lesion load and lesion count (0.95). We expect our heuristics to
have the greatest impact on the cases with low lesion loads. In
particular, the positional and sample size adjustments are likely
to affect mostly scans with small lesions and a low number of
lesions, respectively.

Table II summarizes the validation results for the scans in the
first tertile of lesion load. The positional adjustment dramatically
improves both the DC (+27.57 pt.) and the correlation coeffi-
cient (+0.40). Without the proposed heuristics, the Parzen clas-
sifier generally overestimates the lesion areas by a large amount
relative to the true lesion size. The positional adjustment greatly
reduces overestimation (−507.35 pt.) and slightly reduces un-
derestimation as well (−3.67 pt.). The sample size heuristic also
improves the DC (+3.24 pt.) and correlation (+0.05), but to a
lesser degree. Similarly, the shape refinement also increases the
DC (+2.10 pt.) and correlation (+0.05). Both the sample size
and shape refinement heuristics improve the balance between
overestimation and underestimation by significantly decreasing
the FOE, while only slightly increasing the FUE. Taken to-
gether, the three heuristics have a strong impact on the scans in
this category of lesion load, improving the overlap similarity by
+32.91 pt. to 78.68% and the correlation coefficient by +0.50
to 0.95. Qualitatively, Fig. 7 illustrates an example of how the
false-positive regions are greatly reduced on scans with small
and subtle lesions.

Table III summarizes the validation results for the scans in
the second tertile of lesion load. It is notable that even without
any of our heuristics, the Parzen window classifier yielded im-
proved measures over those obtained with the first tertile scans
using identical processing, which corroborates the finding from
other researchers that small loads generally produce larger er-
rors. Applying the positional adjustment improves both the DC
(+12.64 pt.) and the correlation (+0.10) by reducing overes-
timation (−47.87 pt.). By comparison, the sample size adjust-

Fig. 7. Types of lesions for which the proposed methods have the greatest
impact. (a) PDw scan with two small, subtle focal lesions (circled). (b) Results
of Parzen windows without seed-processing optimizations. Both lesions are
overestimated, with one having a very large false-positive region. (c) Results of
Parzen windows with seed-processing optimizations. The false-positive regions
are greatly reduced.

TABLE III
SEGMENTATION ACCURACY FOR SCANS IN SECOND TERTILE

OF LESION LOAD

TABLE IV
SEGMENTATION ACCURACY FOR SCANS IN THIRD TERTILE

OF LESION LOAD

ment only has a minimal effect, improving the DC by +0.51 pt.
and correlation by +0.01. The shape refinement heuristic has
a somewhat stronger effect than the sample size adjustment,
increasing the DC by +1.40 pt. and correlation by +0.04. For
this category of lesion load, the heuristics together account for
a +14.55 pt. gain in the DC and +0.15 increase in the corre-
lation coefficient, resulting in final values of 80.85% and 0.93,
respectively.

Table IV summarizes the validation results for the scans in the
third tertile, which has the highest lesion loads. Even without
any of our new heuristics, the Parzen window classifier produces
very strong DC (81.34) and correlation (0.95) values. The posi-
tional adjustment improves the DC further (+2.90 pt.), but does
not change the correlation. This heuristic not only decreases the
FOE (−13.07 pt.) but also increases the FUE, albeit by a smaller
amount (+3.82 pt.). The sample size adjustment has practically
no effect. The shape refinement step actually decreases the DC
slightly (−1.07 pt.), even though the FOE continues to drop



2696 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 57, NO. 11, NOVEMBER 2010

TABLE V
SEGMENTATION ACCURACY OVER ALL SCANS

TABLE VI
PRE- AND POSTOPTIMIZATION RESULTS FOR EACH RADIOLOGIST WHO

PERFORMED SEED POINT PLACEMENT

(−2.89 pt.), likely because underestimation is increased by a
greater amount (+3.64 pt.). This is the only case in our experi-
ments in which the application of a heuristic results in a greater
increase in underestimation than the decrease in overestimation.
However, the correlation coefficient does not suffer as a result,
but remains at 0.95.

Table V summarizes the validation results for all of the scans
in our experiment. Without any of the heuristics, the correlation
is very strong (0.91), but the DC is not (64.47%). This is ex-
plained by the large range of lesion loads in the dataset, which
allows the correlation to be robust to changes in individual val-
ues, and highlights the need to perform a stratified analysis for an
understanding of the true impact of the algorithmic components.
Nonetheless, these results give some idea of the improvements
that can be expected with similar datasets. The positional ad-
justment improves the DC by +14.37 pt. and the correlation by
+0.07. The sample size adjustment has a small effect on the DC
(+1.23 pt.) and the correlation (+0.01). The shape refinement
process also has a small impact on the DC (+0.81 pt.), but no
effect on the correlation that at 0.99 is already close to the the-
oretical maximum. Overall, the three heuristics are observed to
reduce the overestimation significantly, while only increasing
the underestimation slightly.

To assess whether the improvements in accuracy are sensitive
to the particular radiologist placing the points, we computed the
validation statistics for each radiologist individually with and
without the optimized seed processing for the entire dataset, and
present them in Table VI. Without the optimizations, the Parzen
classifier seems to slightly favor one of the radiologists, yielding
somewhat more accurate results (DC = 65.80 versus 60.88 and
ρ = 0.92 versus 0.84). However, with the proposed heuristics,
the differences become very minor, and the accuracy values
for each radiologist are comparable to the combined results
(DC = 80+ and correlation = 0.99). While the differences
between the radiologists are not very large even without the
proposed heuristics, the added steps do seem to bring greater

TABLE VII
SEGMENTATION ACCURACY COMPARED TO SCANS DONE BY EACH TECHNICIAN

inter-rater agreement in addition to improved accuracy for both
radiologists.

Because five technicians were used to produce the valida-
tion data, examining how the enhanced classifier compares to
each technician individually would help to reveal any prob-
lems in consistency across raters. Table VII shows the overall
classification performance evaluated against the segmentations
produced by each of the five raters. Although different scans
were done by each technician, the results are still consistently
strong across raters, with a mean DC of 80.40 (SD = 1.54) and
mean correlation of 0.98 (SD = 0.02).

IV. DISCUSSION

The purpose of this study was to determine whether improve-
ments in the processing of lesion seed points placed by radiol-
ogists without concern for the suitability of the points for sub-
sequent automatic lesion segmentation would result in greater
accuracy. Our experiments using a large MS clinical trial dataset
and technician results as the reference standard, analyzed with
measures of overlap similarity, overestimation, underestimation,
and rank correlation, show that three relatively simple heuristics
can greatly enhance the performance of segmentation methods,
particularly those that use the samples to estimate the intensity
distribution of the lesions. Two of these heuristics increase the
accuracy of the estimated distributions by adjusting the posi-
tion and number of the input points, and the third refines the
shape of each lesion after intensity classification by applying an
approximation to visual shape partitioning.

The heuristics work by reducing the overestimation that is
prevalent when attempting to separate overlapping distributions
using an intensity-based classifier, such as Parzen windows. In
some cases, the decrease in false positives is partially offset by
an increase in false negatives, but this is acceptable for two rea-
sons. First, overall accuracy as measured by overlap similarity
is improved in most cases, even if underestimation is increased.
Second, certain guidelines for serial studies of MS call for a con-
servative approach to lesion volume measurement, and indicate
a preference for underestimation rather than overestimation, if
both cannot be minimized simultaneously [29].

The magnitude of the heuristics’ impact is strongly related to
lesion load, with the scans having the lowest lesion loads bene-
fiting the most. It is a commonly accepted notion that reduced
segmentation accuracy, as evaluated by relative measures, can
be expected from most methods when applied to low lesion
loads. It may be tempting to circumvent the problem by only
working with scans with relatively large lesion volumes [8], or
assuming that small lesions are clinically insignificant and can
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be routinely excluded [6], but there is evidence that small lesions
can have particular relevance for some clinical considerations of
MS [30]. Our optimizations are able to improve the performance
of the classifier on the lower two tertiles without negatively af-
fecting the highest tertile. In fact, even though the results for
the third tertile yielded by the unmodified Parzen method are
already very strong, the positional adjustment is able to produce
a slight improvement. However, it should be noted that, unlike
the lower two tertiles, the FUE becomes greater than the FOE
after the positional adjustment, which suggests that the lesion
PDF may be becoming too narrow for the high-load scans, likely
with the partial volume areas being the most affected. In spite
of this, the large decrease in the FOE and the improvement in
the DC make the increase in FUE a worthwhile tradeoff. While
the shape refinement process seems to result in increased un-
derestimation that may slightly outweigh the benefit of reduced
overestimation for scans with high lesion load, the impact on
the overlap similarity and correlation is minimal. For the dataset
overall, the improved classifier agrees strongly to the interactive
segmentation by trained technicians. However, one of the limi-
tations of the current study is that the validation segmentations
were produced with the same seed points as the automatic clas-
sifier. While we see the main value of the optimization heuristics
as being able to potentially replace the labor-intensive region-
growing process, and as a drop-in replacement the heuristics
seem to work very well, stronger validation can be obtained
with an independent set of seed points, preferably placed by an-
other group of radiologists. Therefore, we see the improvements
resulting from the heuristics, rather than the absolute agreement
between the automatic and interactive methods, as being the
most noteworthy aspect of this experiment for many researchers
who have existing segmentation pipelines and are looking for
relatively simple ways to increase accuracy in scans with low-
to-medium lesion loads.

After trying a range of parameter values, the results indicate
that even small adjustments in the position (at most moving
two pixels) and number of lesion points (requiring only five as a
minimum) can have a dramatic effect, particularly for scans with
small lesion loads. In general, it is impractical to expect a radi-
ologist to be so mindful of the placement and number of points
as to obviate these adjustments. It should be emphasized that
while our parameters values are reported for completeness, this
study is not intended to propose optimal parameters, but rather to
present a strategy by which the use of radiologist-placed points
can be improved. In the interest of focus, we have not presented
the intermediate results of our parameter optimization proce-
dure, and for researchers aiming to replicate this experiment,
our recommendation is to explore a range of parameter values
with their own data so that the heuristics can be tuned to the
tendencies of their radiologists. We believe that having more
radiologists, particularly those external to our group, perform
similar experiments is an important step in confirming that the
methods are widely applicable.

Relative to the interactive region-growing process, the new
pipeline offers much improved efficiency. The average time
taken by the technicians to perform the semiautomatic segmen-
tation is 1813.2 s (SD = 1465.3 s), or about 30 min per scan. In

contrast, running the entire automatic pipeline takes an average
of 125.0 s (SD = 11.7 s), or about 3 min, on an Intel Core 2 CPU
(2.40-GHz, 4096-kB L2 cache). A breakdown of the percentage
of time taken by each major component is as follows: mul-
tiscale N3 (21.4%), SUSAN (1.0%), BET (1.5%), automatic
sampling of healthy tissues (4.1%), and Parzen window clas-
sification with the proposed heuristics (72.0%). The publicly
available software components (N3, SUSAN, and BET) were
used with little modification from the downloaded versions, and
all were implemented in C++ by their respective authors. The
sampling of healthy tissues was implemented in MATLAB. The
Parzen window classifier, including the seed-processing opti-
mizations, was implemented in C++. We expect that greater
integration of the above components would further increase the
efficiency of the automatic pipeline.

Despite the large gains in performance achieved by the heuris-
tics, the methods presented are only a first step in the investi-
gation of how the use of radiologist sample points can be opti-
mized. For example, while the sample size adjustment procedure
seems to improve the stability of PDF estimation with respect
to the number of lesions, the method does not account for nor-
mal variations in intensity, such as that between the cerebrum
and cerebellum, which may widen the estimated distributions.
In addition, the shape refinement technique is only a rough ap-
proximation to visual shape partitioning. As implemented, the
straightline visibility test may be biased against thin curved le-
sions. In addition, the lack of a boundary model makes defining
the precise conditions, for which the heuristic would be ben-
eficial, difficult. Greater discrimination between true and false
positives and improved reproducibility may be possible by ex-
plicitly using a perceptually relevant shape model that can di-
rectly represent the boundary curvature properties. Some direct
discussion with the radiologists may also reveal further insight
into their visual processing.

In this study, to develop the proposed heuristics, we chose to
use Parzen windows with connected component analysis as the
classification method. Alternatively, we could have used other
seed-based segmentation methods, especially those that inher-
ently incorporate spatial coherence, such as fuzzy connectivity
[9] or graph-based methods (e.g., [31] and [32]). The main
reason we favor Parzen windows is that this and other non-
parametric PDF estimators are much more popular in existing
lesion segmentation pipelines, and we wanted to develop heuris-
tics that are immediately and widely applicable. Nonetheless,
it would likely be worthwhile to explore the impact of similar
seed-processing methods on the more advanced segmentation
algorithms.

Another direction for future research is to determine the ef-
fect of similar optimizations on segmentation methods that only
use expert input on a training set of images to condition the
classifier for application to a larger set of completely unlabeled
scans. The heuristics would be applied to the training data,
which may result in more accurate algorithmic parameters for
subsequent unsupervised use. In addition, similar to the use
of probability distributions estimated from the training images
to perform an intensity classification of the unlabeled scans,
the shape refinements performed on the training data can be
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analyzed to potentially reveal tendencies that may be applica-
ble to the new scans. In some approaches, the training input is
in the form of interactively produced regions instead of points
(e.g., [33]). For such cases, the experience of the current ex-
periment can be potentially used to develop an intelligent way
of sampling the drawn regions, which may be advantageous
to using the regions directly due to possible errors in manual
segmentation.
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