
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�
�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

INSTITUTO DE COMPUTAÇÃO
UNIVERSIDADE ESTADUAL DE CAMPINAS

MR-Image Segmentation of Brain Tissues

based on Bias Correction and Optimum-Path

Forest Clustering

F.A.M. Cappabianco A.X. Falcão

C.L. Yasuda J.K. Udupa

Technical Report - IC-10-07 - Relatório Técnico

March - 2010 - Março

The contents of this report are the sole responsibility of the authors.

O conteúdo do presente relatório é de única responsabilidade dos autores.



MR-Image Segmentation of Brain Tissues based on Bias

Correction and Optimum-Path Forest Clustering
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Abstract

Magnetic resonance (MR) image segmentation of brain tissues has become crucial
to advance research, diagnosis and treatment procedures in Neurology. Despite the
large number of published papers, there is no standard method suitable for all cases.
We present here a fast, accurate and robust to anatomical variations approach based
on inhomogeneity/bias correction and clustering by optimum-path forest (OPF). The
method assumes skull stripping and corrects voxel values in the brain based on local es-
timations of the white-matter intensities. We use two segmentation steps with different
parameters (e.g., graph topologies and image features). The first separates the cere-
brospinal fluid (CSF) from the white-matter (WM) and gray-matter (GM) tissues and
the second separates WM from GM voxels. In each step, random samples are uniformly
estimated to form a small unlabeled training set. Groups of training voxels with similar
features are obtained by OPF clustering, a class label is assigned to each group and the
labels are propagated to the remaining voxels. Each step is also repeated a few times
(e.g., 3) to take the majority vote as the final label. The method was evaluated using
several data sets from three protocols; control subjects, phantoms and patients; quan-
titative and qualitative evaluation methodologies; and two state-of-the-art approaches.
The results show that it can solve brain tissue segmentation in less than 5 minutes on
modern PCs with higher accuracy and robustness than the baseline approaches.

1 Introduction

Brain tissue segmentation (classification) from Magnetic Resonance (MR) images is consid-
ered in the study of a variety of pathologies, such as Alzheimer’s disease [1, 2, 3], Multiple
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Sclerosis [4] epilepsy [5, 6], schizophrenia [7], brain tumor [8], frontotemporal dementia [9],
migraine [10], in addition to other applications [11, 12, 13, 14, 15]. The problem consists of
isolating the brain immersed in cerebrospinal fluid (CSF) from a given MR-image of the head
(skull stripping) and assigning a distinct label to gray-matter (GM), white-matter (WM)
and CSF voxels (voxel classification). Some methods perform skull stripping before voxel
classification [16, 17], but both operations can also be performed at the same time [18, 19].
Most methods also apply some kind of inhomogeneity correction before voxel classifica-
tion. They may be based on frequency filtering [20, 21, 22], surface fitting [23, 16, 24, 25],
stochastic models [17, 26, 27, 28] and energy minimization [29, 30]. Voxel classification can
be obtained based on thresholding [31], region growing [32], clustering [33, 34], supervised
learning [35, 36, 37, 17, 38, 39] and deformable models [40, 41]. Several methods also re-
quire image deformation into a standard space of a probabilistic template, whose predefined
labels can be used as prior information [17, 36, 32, 42, 43, 44, 45].

Despite the large number of key contributions as reported in several surveys [46, 47, 48,
49], there is no standard approach which can outperform the other methods in all situations
involving different subjects, imaging protocols. Moreover, there is no standard evaluation
methodology for medical image segmentation [49] and most evaluation methods take into
account ground-truths, which can not be perfect [50].

In this work, we propose a fast, accurate and robust to anatomical variations method for
brain tissue segmentation based on inhomogeneity correction and clustering by optimum-

path forest [51] (OPF). The method assumes that the brain (with CSF included) has been
extracted from the image by skull stripping [52, 53, 54, 55, 56]. However, it requires strip-
ping methods which can remove the brain stem [52, 53]. Our approach for inhomogeneity
correction exploits the WM intensities as reference values, similarly to [23]. However, in-
stead of fitting spline-based surfaces to the voxel intensities, we use a faster, simpler and
yet effective correction function. A reference value for WM intensity in a neighborhood of
each voxel is estimated and used to adjust that function locally.

After inhomogeneity correction, the brain voxels are classified in two segmentation steps
with different parameters each (e.g., graph topologies and image features). The first sepa-
rates CSF from WM and GM tissues and the second separates GM from WM. In each step,
random samples are uniformly estimated to form a small unlabeled training set (e.g., a set
with 500 voxels). A feature vector is assigned to each voxel and natural groups are found in
the feature space by the OPF clustering approach. This approach interprets the samples as
nodes of a graph, whose arcs connect the k-nearest neighbors (k-nn) in the feature space.
The nodes are weighted by a probability density function (pdf) and the OPF algorithm
computes an optimum-path forest in the k-nn graph, such that each tree (cluster) is rooted
at one maximum of the pdf. The best value of k is found by optimization. Class labels are
assigned to each group based on the knowledge of the order relation between intensities of
different tissues. The class labels are then propagated to the remaining brain voxels. For
robustness, each step is repeated a few times (e.g., 3) to take the majority vote as the final
label.

The method presents considerable improvements with respect to our previous works [51,
57]. The processes to estimate training samples and assign class labels are more robust, in-
homogeneity correction and label propagation are faster and more effective, and the method
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has been extended to segment CSF, WM and GM in MR-images weighted on T1, T2, or PD,
rather than only the two tissues in T1 images. We have also included extensive evaluation
experiments using those three imaging protocols; images from control subjects, phantoms
and patients; quantitative and qualitative evaluation methodologies; and two state-of-the-
art approaches [16, 17]. Quantitative evaluation was based on Delineation Operating Char-

acteristic [58], involving 38,400 experiments by varying 4 parameters of each method, and
subjective evaluation used scores from two experts.

Note that, some methods take several minutes to separate CSF, GM and WM [59, 43]
and others require multiple imaging protocols [42, 60]. Our approach completes segmen-
tation in less than 5 minutes on modern PCs, using a single imaging protocol and with
no need of registration with templates, which makes it more independent of anatomical
variations and free of registration errors.

Inhomogeneity correction and brain voxel classification based on OPF are presented
in Sections 2 and 3, respectively. Section 4 describes the evaluation methodologies and
experiments are shown in Section 5. The results indicate that the proposed pipeline for
brain tissue segmentation is fast and can be more accurate and robust than the baseline
approaches [16, 17]. Finally, we state conclusions in Section 6.

2 Inhomogeneity correction

For a given MR-image of the brain, after skull stripping and without the brain stem, our
approach for inhomogeneity correction assumes that there exists some WM voxels within a
given neighborhood of each brain voxel to estimate a reference value 1. This strategy seems
reasonable, because WM voxels are the most sensitives to the inhomogeneity effects and
they appear at least close to all parts in the brain. Then, the intensity correction function
may change for each brain voxel depending on the reference value.

Let N be the set of voxels from CSF, GM and WM, and I(s) be the original intensity
of voxel s ∈ N . We define a spherical neighborhood by a set Ar(s) containing image voxels
t whose Euclidean distance to s is less or equal to r. WM voxels are usually included in
Ar(s) for r = 18.30mm. Due to noise, we estimate the reference value M(s) as the median
value among the n≪ ‖Ar(s)‖ brightest (in T1) or darkest (in T2 and PD) voxels in Ar(s).
The value n = 15 is usually enough. Finally, each voxel in N has its intensity I(s) corrected
to J(s) by

J(s) = Imax − (M(s) − I(s))(2 − M(s)/Imax)
α, (1)

where Imax is the maximum voxel intensity in N and, similarly in T2 and PD images, each
voxel in N has its intensity corrected to

J(s) = Imin + (I(s) − M(s))(1 + Imin/M(s))α, (2)

where Imin is the minimum voxel intensity in N . The differences between I(s) and M(s)
in both equations tend to be higher in brighter regions than in darker regions of the brain,
due to the multiplicative effect of the inhomogeneity [48]. Therefore, the idea is to increase
the weight of those differences in the intensity correction of the darker regions than in

1This means that voxels brighter (in T1) or darker (in T2 and PD) than WM should also be removed
during brain stripping.
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(a) (b)

Figure 1: (a) Brain image after skull stripping. Voxel intensities in some points of WM (a=1361,
c=1155, e=1069) and GM (b=961, d=777, f=749). (b) After inhomogeneity correction, the intensi-
ties at the same points provide better separation between WM (a=3041, c=3056, e=3019) and GM
(b=2222, d=2136; f=2228).

the correction of the brighter ones. The multiplicative factors (2 −M(s)/Imax) and (1 +
Imin/M(s)) play this role in the above equations within the interval [1, 2]α, being α ≥ 0 a
constant to control that effect (e.g., α = 0.33). Afterwards, the values of J(s) are linearly
normalized within [0, 4095].

Figure 1 presents an example of our method on a T1 image of the human brain. The
WM intensity I(c) is lower than the GM intensity I(b), for example, but the method corrects
all intensities to have WM voxels brighter than GM voxels in most parts of the brain.

3 Voxel classification

After inhomogeneity correction, brain voxels in N must be classified into CSF, WM and
GM in two steps by following the pipeline shown in Figure 2. First, this pipeline is executed
to separate CSF from GM and WM, and then it is executed to separate GM from WM.
This was necessary because some parameters are different for each step, as we will describe
in this section.

The pipeline consists of image feature extraction for N and random sampling to obtain
a small unlabeled training set T ⊂ N . Groups of voxels with similar image features are
then determined by the OPF clustering approach. Note that, each class may be represented
by multiple groups. Some clustering approaches force the number of desired groups, but
this usually increases the classification errors. Class labels are assigned to each group based
on the knowledge of the order relation between intensities in different tissues, which differs
in T1 with respect to T2 and PD. The class labels are then propagated to the remaining
voxels in N .

Given that T is a random set, we verify the need for re-sampling after group labeling and
after segmentation (dashed lines in Figure 2). While the proportion between tissues is not
within a given acceptance interval (in T , after group labeling, and inN , after segmentation),
the preceding parts (except feature extraction) of the pipeline are repeated. However, in
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Clustering

OPF
Sampling

Label Label

PropagationAssignment

Segmented

Brain

For Acceptable Proportion

For Acceptable Proportion
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Corrected
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Figure 2: Voxel classification consists of feature extraction; random sampling to form a small
training set; clustering by OPF to obtain natural groups; class label assignment to define a tissue
label for each group; and label propagation to classify the remaining brain voxels. An acceptance
criterion is used to repeat sampling and subsequent processes until the method achieves a reasonable
result (dashed lines).

order to guarantee convergence, the acceptance interval increases at every 20 iterations of the
loop. This makes the method more robust to abnormal brains. In practice, the convergence
usually requires a few iterations of that loop. The whole pipeline is also repeated a few
times (e.g., 3) to obtain the final label of each voxel by majority vote.

The details of the method are given in the next sections.

3.1 Feature extraction and voxel sampling

In order to separate CSF from GM and WM, the feature vector of each voxel s ∈ N is
composed by its corrected brightness J(s) and the two closest intensities to J(s) within the
6-neighborhood of s. This feature vector is more sensitive to noise, being unappropriated
to classify WM and GM, but excellent to classify subtle CSF voxels in the sulci of the
brain. For segmentation of WM and GM, we use J(s) and the six intensities around the
median value of the voxels within the 26-neighborhood of s. This feature vector preserves
the borders of the tissues and is robust to high-frequency noises.

An unlabeled training set T with 500 voxels is estimated by uniform-random sampling
in the intensity interval of the voxels to be classified in N .

3.2 Clustering by OPF

In the unlabeled training set T , each sample s is represented by a feature vector ~v(s). Let
d(s, t) be the distance between s and t in the corresponding feature space (e.g., d(s, t) =
‖~v(t)−~v(s)‖). The fundamental problem in data clustering is to identify natural groups in
T . These groups should have a minimum of overlapping between distinct tissues.

A graph (T ,A) is defined such that the arcs (s, t) ∈ A connect k-nearest neighbors
(k-nn) in the feature space. A(s) denotes the set of arcs that reaches the node s. The arcs
are weighted by d(s, t) and the nodes s ∈ T are weighted by a probability density value
ρ(s) [51].
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ρ(s) =
1√

2πσ2|A(s)|
∑

∀t∈A(s)

exp

(

−d2(s, t)

2σ2

)

(3)

where |A(s)| = k, σ =
hf

3 , and hf is the maximum arc weight in (T ,A) 2. This parameter
choice considers all nodes for density computation, since the Gaussian function covers most
samples within d(s, t) ∈ [0, 3σ]. The traditional method to estimate a probability density
function (pdf) is by Parzen-window. Equation 3 can provide a Parzen-window estimation
based on isotropic Gaussian kernel when we define the arcs by (s, t) ∈ A if d(s, t) ≤ hf . This
choice, however, presents problems with the differences in scale and sample concentration.
Solutions for this problem lead to adaptive choices of hf depending on the region of the
feature space [61]. By taking into account the k-nn, we are handling different concentrations
and reducing the scale problem to the one of finding the best value of k within [kmin, kmax],
for 1 ≤ kmin < kmax ≤ |T |. For 500 nodes, we have found that kmin = 10 and kmax = 30
are suitable values for brain tissue separation. Our solution considers the minimum graph
cut in (T ,A) as provided by the clustering results for k ∈ [kmin, kmax], according to the cut
measure C(k) [62].

C(k) =
c
∑

i=1

W ′
i

Wi + W ′
i

, (4)

Wi =
∑

∀(s,t)∈A|L(s)=L(t)=i

1

d(s, t)
, (5)

W ′
i =

∑

∀(s,t)∈A|L(s)=i,L(t) 6=i

1

d(s, t)
, (6)

where L(t) is the label of sample t, W ′
i uses all arc weights between cluster i and other

clusters, and Wi uses all arc weights within cluster i = 1, 2, . . . , c.
Figure 3a shows an example with |N | = 340 samples borrowed from [51], which forms a

few clusters with different sample concentrations in a 2D feature space. Depending on the
scale, there are one, three, four, or five natural groups. If kmin = 1 and kmax ≥ 150, then the
minimum cut will occur when all samples are grouped into a single cluster. The minimum
cut for kmin = 1 and kmax = 100 identifies four clusters with a best k = 37 (Figure 3b), and
by limiting the search within [1, 30], the minimum cut identifies five clusters with a best
k = 29 (Figure 3c).

The clustering results are obtained by extending the image foresting transform [63]
(IFT) from the image domain to the feature space, as follows.

A path πt is a sequence of adjacent samples starting from a root r ∈ R, where R being
a root set with one element for each local maximum of the pdf, and ending at a sample t,
πt = 〈t〉 being a trivial path and πs · 〈s, t〉 the concatenation of πs and arc (s, t). Among all
possible paths πt with roots on the maxima of the pdf, we wish to find a path whose lowest

2After Equation 3 is computed, we include extra arcs in A to guaranty symmetry among adjacent nodes
with the same density value [51].
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(a) (b) (c)

Figure 3: (a) Feature space with distinct sample concentration per cluster. We can identify
different cluster numbers depending on the scale. Reasonable solutions are (b) four and (c)
five clusters, where two touch each other.

density value along it is maximum. Each maximum should then define one influence zone
(cluster) by selecting the samples that are more strongly connected to it, according to this
definition, than to any other maximum. The extra arcs in A, which guarantee symmetry
on density plateaus, and will also guarantee a single cluster per maximum of the pdf. More
formally, we wish to find V (t) = max∀πt

{f(πt)} where

f(〈t〉) =

{

ρ(t) if t ∈ R
ρ(t)− δ otherwise

f(〈πs · 〈s, t〉〉) = min{f(πs), ρ(t)} (7)

for δ = min∀(s,t)∈A|ρ(t) 6=ρ(s) |ρ(t)−ρ(s)|. Higher values of delta reduce the number of maxima.
We are setting δ = 1.0 and scaling real numbers ρ(t) ∈ [1, 1000] in this work. The OPF
algorithm solves the maximization problem by computing an optimum-path forest — a
predecessor map P with no cycles that assigns to each sample t /∈ R its predecessor P (t) in
the optimum path from R or a marker nil when t ∈ R.

Algorithm 1 – Clustering by Optimum Path Forest

Input: Graph (T ,A) and function ρ.
Output: Group label map L, connectivity map V , forest P , and a list L of ordered nodes.
Auxiliary: Priority queue Q, variables tmp and l← 1.

1. For all s ∈ T , set P (s)← nil, V (s)← ρ(s)− δ, insert s in Q.

2. While Q is not empty, do

3. Remove from Q a sample s such that V (s) is maximum and insert s in L.
4. If P (s) = nil, then

5. Set L(s)← l, l← l + 1, and V (s)← ρ(s).
6. For each t ∈ A(s) and V (t) < V (s), do

7. Compute tmp← min{V (s), ρ(t)}.
8. If tmp > V (t) then

9. Set L(t)← L(s), P (t)← s, V (t)← tmp.
10. Update position of t in Q.

Algorithm 1 identifies one root in each maximum of the pdf (P (s) = nil in Line 4 implies
s ∈ R), assigns to each root a distinct group label in Line 5, and computes the influence zone
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(cluster) of each root as an optimum-path tree in P , such that the nodes of the tree receive
the same label as its root in a map L (Line 9). It also outputs the optimum connectivity
map V , forest P and a list L of voxels of T in their decreasing order of optimum value in
V . This list is a novelty with respect to the algorithm used in [51, 57], which aims at fast
class labeling propagation for the remaining samples in N (Section 3.4).

Algorithm 1 takes O(k|T | + |T | log T ) computations, when Q is a binary heap, and
the estimation of the best k requires its computation several times. This can take several
minutes on modern PCs for |T | > 1000. The problem becomes unmanageable for typical
sets N with brain tissues. This explains the need for sampling a subset T from N .

3.3 Class label assignment and verification for re-sampling

The clustering results are natural groups in the feature space, which may not correspond
to the number of classes. Class label assignment in T is then necessary.

First consider the separation of CSF from GM and WM in T1 images. We expect that
the obtained proportion P ′

csf of CSF voxels in T be within an acceptance interval around
the proportion Pcsf obtained by Otsu’s thresholding in N . This interval is defined by
[(1− δ)Pcsf , (1 + δ)Pcsf ], for 0.0 ≤ δ ≤ 1.0 (e.g., δ = 0.2). Therefore, the OPF clusters are
relabeled from the darkest to the brightest one as CSF until P ′

csf be the closest to Pcsf . If
P ′

csf 6∈ [(1−δ)Pcsf , (1+δ)Pcsf ], then re-sampling and OPF clustering are repeated. In order
to guarantee convergence, the value of δ increases at every 20 iterations without satisfying
the acceptance criterion.

The same strategy is used to separate GM from WM in T1 images. In this case, however,
Otsu’s threshold is substituted by the mean intensity in the brain without CSF, in order to
find a reasonable GM proportion. The value of δ and the rest of the process are the same.
This method is more accurate and robust than the one used in [51, 57] for GM and WM
separation in T1 images.

In T2 and PD images, the darkest tissue is WM and the brightest substance is CSF.
So, the method is the same but the labeling process starts from the brightest to the darkest
clusters.

3.4 Fast label propagation and verification for re-sampling

According to [51, 57], the class labels of the obtained clusters can be incrementally propa-
gated to the remaining voxels t ∈ N\T by considering the following equation.

V (t) = max
∀(s,t)∈A

{min{V (s), ρ(t)}}. (8)

If s∗ ∈ T is the node that satisfies this equation, then its class label can be simply assigned
to t.

The condition (s, t) ∈ A in the above equation implies that t could be a k-nearest
neighbor of s, if t belonged to the graph. This condition can be easily determined by
storing the maximum distance ω(s) between s and its k-nearest neighbors in the graph for
every s ∈ T . Therefore, the candidate nodes for s∗ must satisfy d(s, t) ≤ ω(s).
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The expensive part in the above equation is the computation of ρ(t) for all t ∈ N\T ,
which also requires the computation of the k-nearest neighbors of t in T . We have consid-
erably speeded up label propagation by avoiding the computation of ρ(t) and choosing the
node s∗ which satisfies

V (s∗) = max
∀s∈L,d(s,t)≤ω(s)

{V (s)}, (9)

where L is the ordered list resulting from Algorithm 1. Note that s∗ is the first node in
L which satisfies this equation, also avoiding the computation of d(s, t) for the remaining
nodes in L. This variant is faster and yet effective, producing accurate results.

After label propagation, the same process discussed in Section 3.3 is applied to verify
the need for re-sampling. In this case, however, the obtained tissue proportions are directly
computed in N rather than in T .

4 Methodology of evaluation

The evaluation of image segmentation methods is usually as complicated as the segmentation
process itself, due to the absence of perfect ground truths. Even when the same specialist
segments the same image several times, the results may suffer considerable variations [50,
64, 39]. Synthetic brain models (phantoms) may be an alternative [64] for evaluation using
more reliable ground truths, but they do not provide the same authenticity of challenges
as real images do [65]. Despite these drawbacks, it is important to consider both phantoms
and real images with their available ground truths for evaluation. Besides, one should never
expect 100% accuracy for any ground truth and segmentation method.

The choice of suitable effectiveness measures is also a very important factor in seg-
mentation evaluation. These measures may be either objective (quantitative) or subjective
(qualitative). Quantitative measures may take into account the distance between object
contours in the ground truth and segmented images (e.g. Hausdorff distance [66]) or the
differences between the overlaid segmentation and ground-truth masks. We use the second
option.

Four basic measures are derived from the overlay between the segmented object and
ground-truth masks [65]: the size of their intersection (True Positive, TP); the size of
the intersection between object complement (background) and ground-truth masks (False
Negative, FN); the size of the intersection between object and ground-truth complement
masks (False Positive, FP); and the intersection between the background and ground-truth
complement masks (True Negative, TN). FP and FN are empty sets in the case of perfect
segmentation. These elementary measures can then be used to compose more complex ones:

m1(r, Î) =
|FP |

|FP | + |TN |

m2(r, Î) =
|FN |

|FN | + |TP |

m3(r, Î) =
2 ∗ |TP |

2 ∗ |TP | + |FP | + |FN |

m4(r, Î) =
|TP |

|TP | + |FP | + |FN |

where r is the instance of parameters from a given segmentation method. Measure m1 is
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called FP volume Fraction, m2 is FN volume Fraction, m3 is Dice metric, and m4 is Jaccard
metric. Most published papers use m3 and/or m4 for brain tissue segmentation evaluation,
because they are invariant with the background size.

We propose to use the Delineation Operating Characteristic(DOC) curve for evalua-
tion [58], because it has the same advantage, and also takes into account an operational
range of parameter values for each segmentation method Γ, set r of the instances of its
parameters vectors, and image Î. By performing segmentation and plotting m1 and 1−m2,
we get a point on the DOC curve which indicates the performance of that method for each
given choice of parameter values and image. The curve is fitted on several points by using
the logarithmic model below (see plots in Figure 6).

y = loga((a− 1)x + 1).

The coordinates (0, 0) and (1, 1) represent the extreme cases of worst behavior where the
method outputs a perfect background image, and the entire image domain as its segmenta-
tion, respectively.

The DOC curve can also give measures m5 and m6 defined below.

m5(Î) = min
√

m2
2(r, Î) + m2

1(r, Î),∀r ∈ r

m6(Î) =

∫ 1

x=0
loga((a− 1)x + 1).

Measure m5 represents the smallest segmentation error (in terms of simultaneously achieving
minimum FP and FN) among those obtained from the tested parameters, using method Γ
and image Î. Measure m6 indicates robustness and accuracy of method Γ to segment image
Î. Note that, the distribution of the operational points in Figure 6 indicates how much the
parameter vectors in the set r must be refined to achieve a good result.

Those above measures m5 and m6 lead to an evaluation free from adjustment of param-
eters. Moreover, the DOC curve indicates the best operational point for a given method
and image. The DOC curve also shows when the errors of the method are by excess (over
segmentation) or by missing true object parts. This information is not clear in both Dice
and Jaccard metrics. In fact, segmentations where |FP | > |FN | receive a better score by
m3 and m4 than segmentations where |FN | < |FP |.

Finally, m5 is applied to a set of n images Î = {Îi}, i ∈ {1, 2, ..., n}. To facilitate this,
we use the mean values of m1 and m2 given by:

m̄1(r, Î) =
1

n

n
∑

1

m1(r, Îi).

m̄2(r, Î) =
1

n

n
∑

1

m2(r, Îi).

Then, for the set of images Îi, i ∈ 0, 1, ..., n, we have

m̄5(̂I) = min
√

m̄1
2(r, Î) + m̄2

2(r, Î),∀r ∈ r (10)
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Measure m̄6 is also defined in a similar way by interpolating the mean values of m̄1(r, Î)
and 1− m̄2(r, Î), ∀r ∈ r.

When ground truths are not available, we use the following subjective evaluation. Spe-
cialists perform visual analysis based on orthogonal slices of the data volume and assign
grades to the segmentation results of each method from 1(bad) to 5(good) in a blinded
manner. In order to avoid inconsistencies, the segmentation results from all methods are
analysed at the same time for any chosen slice without a knowledge of the association be-
tween results and methods. These results are also shown by overlaying the original image
with a semi-transparent object mask or with the object’s borders. Partial volume is toler-
ated and grades from 2 to 4 require explanation from the specialist who describes where
the segmentation errors are.

5 Experiments and results

We have evaluated the proposed pipeline — inhomogeneity correction, CSF/GMWM seg-
mentation and GM/WM segmentation using the optimum-path forest (OPF) algorithm —
in comparison with two popular methods: FAST (FMRIB’s Automated Segmentation Tool

available in the FSL framework) [17], which corrects inhomogeneity during tissue segmen-
tation, and PVC (Partial Volume Classifier available in the BrainSuite framework), which
uses the Bias Field Corrector (BFC) to handle inhomogeneity [16]. In all cases, the brain
was first isolated from the image by using the same skull stripping procedure.

The experiments involved four databases of 3D images: 18 MRT1-images from the
Internet Brain Segmentation Repository (IBSR) 3, 9 synthetic images (three from each
MRI protocol T1, T2 and PD) from BrainWeb Phantoms (BWP)4 with different levels of
noise and inhomogneity, 10 MRT1-images from the University of Campinas (UNICAMP),
and 10 MRT2-images from the Department of Radiology from University of Pennsylvania
(UPENN). We also included 10 patient MRT1-images from the University of Campinas
(PATIENTS) images, being 5 preoperative and 5 postoperative, to evaluate the rubustness
of the methods to anatomy variations.

5.1 Quantitative experiments

Quantitative evaluation based on the DOC curve was performed for BWP and IBSR
databases, because they have ground-truth images. The execution time to build a DOC
curve may be considerably long, since it depends on the computational time of each method
and its number of parameters. For the sake of simplicity, we first selected 4 instances of 4
parameters for each method in a given range to test all their combinations. After defining
the best combination of parameters, we instantiated the parameters again around that point
in a closer adjacency to refine the results. So, each method was executed 512 times for each
3D image for finding the best operating point via the DOC curve.

3http://www.cma.mgh.harvard.edu/ibsr/
4http://mouldy.bic.mni.mcgill.ca/brainweb/
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For the OPF pipeline, the selected parameters and their instances were the expected
GM proportion Pgm (from 0.4 to 0.90), the GM proportion interval δ (from 0.1 to 0.4),
the inhomogeneity radius in Ar (from 13.0 to 26.0), and the parameter α (0.0 to 1.0) of
the inhomogeneity correction technique. For FAST, we selected the bias field smoothing
extent (from 2 to 47), the initial segmentation spatial smoothness (from 0.001 to 0.1), the
segmentation spatial smoothness (from 0.01 to 0.9), and the number of iterations during
bias-field removal (from 1 to 8). For PVC and BFC, we picked the spatial prior strength
(from 0.01 to 0.8), the histogram radius (from 8 to 16), the bias sample spacing (from 8
to 24), and the control point spacing (from 32 to 96). For FAST and PVC we took the
parameter intervals around the automatic values suggested by the software.

Figures 4 and 5 show m5 and m6, respectively, for each of the three methods over the
IBSR database. Note that the OPF pipeline achieved the best performance in all cases.
For m5, we also plotted the mean metric value of each method using label “R1”, and with
label “R2”, the metric value for the parameter combination which gave the minimum total
error over the 18 images. Although FAST could obtain a better result than PVC for the
images individually, their performances were similar for the best parameter combination.
Similarly, for measure m6 and its mean value (label “R1”), OPF was superior to both
compared approaches.

Figure 4: Measure m5 for OPF, Fast and PVC method over the IBSR database. The mean value
m̄5 (label “R1”) and the best parameter combination (label “R2”) over the 18 images are also shown.
Lower values indicate better performance.

Figure 6 shows samples of the operational points for each method in image 15 of the
IBSR database and their interpolated DOC curves. Their distribution suggest that the
OPF pipeline can be tuned more easily for optimal setting.

The same analysis was conducted over the BWP data set. Figures 7 and 8 show m5

and m6, respectively, for each of the three methods over the BWP database. The image
labels along the x axis show the MRI protocol and the induced noise and inhomogeneity
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Figure 5: Measure m6 for OPF, Fast, and PVC methods over the IBSR database. The mean value
m̄6 (label “R1”) is also shown. Higher values indicate better performance.

levels as follows: “protocol(noise, inhomogeneity)”. As PVC does not support T2 and PD
protocols, the figures present only OPF and FAST segmentation results over them. The
columns “R1” and “R2” have the same meaning as in Figures 4 and 5. The results show
that all methods did well OVER BWP data set, but OPF was superior, specially in the
“R1” and “R2” cases. The accuracy over PD images was lower because they are pourer in
contrast when compared to T1 and T2 images.

We can also see in Figures 7 and 8 that the inhomogeneity was efficiently removed in all
protocols, by OPF. The performance of OPF was not compromised by high inhomogeneity
levels.

A paired t-test was carried out for comparing methods pairwise on the IBSR and BWP
data sets. The results are summarized on Table 1, where the P values are listed. We observe
from the table that whenever OPF performed better (most of the cases, except for m6 in
T1-BWP and m5 in T2 and PD-BWP data sets), its superior performance was statistically
significant (P ≤ 0.05). Any apparent inferior performance was not significant statistically.

5.2 Qulitative experiments

The databases from UPENN, UNICAMP and PATIENTS were chosen for qualitative eval-
uation. For these tests, the default parameters given by the softwares of each method were
used. Two specialists assigned grades from 1 (Unacceptable) to 5 (Excellent) for the seg-
mentation results by visual analysis without a knowledge of the methods associated with
the results. Table 2 presents the subjective performance of each method in the three data
sets. Given that PVC was not designed for T2 and PD images, we could include it in the
comparison based on MRT2-images from UPENN.

Again, a paired t-test was carried out for comparing methods pairwise on the UPENN,
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(a) (b)

(c)

Figure 6: Samples of the operational points in image 15 of the IBSR database for each method and
their interpolated DOC curves. (a) OPF, (b) FAST, and (c) PVC.

Figure 7: Measure m5 for the OPF, Fast and PVC methods over the BWP database. The mean
value m̄5 (label “R1”) and the best parameter combination (label “R2”) over the 18 images are also
shown. Lower values indicate better performance.

UNICAMP and PATIENTS data sets. The results are summarized on Table 3, where
the P values are listed. We observe that the OPF’s superior performance was statistically
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Figure 8: Measure m6 for the OPF, Fast, and PVC methods over the BWP database. The mean
value m̄6 (label “R1”) is also shown. Higher values indicate better performance.

Pair Metric IBSR BWP
T1 T2 and PD

OPF vs FAST m5 0.00 0.00 0.25
m6 0.00 0.06 0.01

OPF vs PVC m5 0.00 0.02 —
m6 0.00 0.15 —

FAST vs PVC m5 0.00 0.39 —
m6 0.00 0.21 —

Table 1: Comparison of methods pairwise on the IBSR and BWP data sets via paired
t-tests. P values are listed.

Data set Method Image
0 1 2 3 4 5 6 7 8 9 Mean

UPENN OPF 4.50 5.00 4.50 4.25 4.50 4.50 5.00 4.75 4.50 4.25 4.58
UPENN FAST 3.50 5.00 4.00 4.50 4.50 5.00 4.00 3.00 4.50 5.00 4.30

UNICAMP OPF 4.50 4.50 4.50 5.00 4.50 4.50 4.25 5.00 4.40 4.75 4.59
UNICAMP FAST 3.50 4.50 5.00 4.50 4.50 5.00 4.50 5.00 4.50 4.50 4.55
UNICAMP PVC 3.50 4.50 3.50 5.00 4.50 5.00 4.50 5.00 4.50 4.50 4.45

PATIENTS OPF 4.25 4.25 5.00 4.00 4.75 4.50 4.25 4.50 4.25 5.00 4.48
PATIENTS FAST 3.50 4.25 5.00 4.25 4.00 4.00 4.00 4.25 4.00 4.00 4.13
PATIENTS PVC 3.00 4.25 5.00 4.00 4.00 3.75 3.75 4.25 4.50 3.25 3.98

Table 2: The mean grades of the OPF, FAST and PVC methods ascertained by two spe-
cialists and the final mean grade over the MRT1-images from UNICAMP, UPENN and
PATIENTS data sets.

significant (P ≤ 0.05) on PATIENTS data set. This indicate that the OPF methodology can
segment abnormal tissues better than the FAST and PVC methods by the the spetialists’
view point.

Although the subjective evaluation could distinguish the best method in some cases, they
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Pair UPENN UNICAMP PATIENTS

OPF vs FAST 0.14 0.39 0.01
OPF vs PVC — 0.20 0.02
FAST vs PVC — 0.27 0.10

Table 3: Comparison of methods pairwise on the UPENN, UNICAMP and PATIENTS data
sets via paired t-tests of the grades given by the specialists. P values are listed.

seem to have similar performance in the mean case from the viewpoint of these specialists.
On the other hand, the specialists’ comments in the subjective analysis pointed out the
weaknesses of each method. The main problems are described in Table 4. Figure 9 illustrates
the quality of these segmentations.

Expert Database Method Main Problem

1 UPENN OPF Loses GM to WM in putamen.
2 UPENN OPF Exchanges GM with WM in the cerebellum.
1 UPENN FAST Is more sensitive to noise.
2 UPENN FAST Loses GM to CSF.
1 UNICAMP OPF Loses GM in the cortex.
2 UNICAMP OPF Loses GM to CSF.
1 UNICAMP FAST Loses GM to CSF.
2 UNICAMP FAST Is more sensitive to noise.
1 UNICAMP PVC Loses WM all over the brain.
2 UNICAMP PVC Is more sensitive to noise.
1 PATIENTS OPF Exchanges WM with GM in the temporal lobes.
2 PATIENTS OPF Loses GM to WM. in the girus
1 PATIENTS FAST Loses GM to WM in the cortex.
2 PATIENTS FAST Is more sensitive to noise.
1 PATIENTS PVC Loses GM to WM in the cortex.
2 PATIENTS PVC Is more sensitive to noise.

Table 4: Main problems of each method as noted by the specialists during visual analysis.

5.3 Timing issues

We have also evaluated the execution time of the three methods. We ran the methods over
IBSR, BWP-T1 and UNICAMP data sets. That is because they contain images of different
sizes and because all methods support their protocol (i.e. T1). As we wanted to avoid
pathological parameters selection, we used the default parameters of the methods. The
tests were executed in a AMD Phenom X4 9650 PC with 8GB of memory.

Table 5 show the minimal, mean and maximal execution time of OPF, FAST and PVC.

The fastest approach, including the time for inhomogeneity correction, is PVC, and
the slowest one is FAST. OPF follows PVC closely, taking from 15 seconds to 1 minute to
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(a) (b)

(c) (d)

Figure 9: A sample slice (a) of a 3D image from the UNICAMP data set and its brain tissue
segmentation by (b) OPF, (c) FAST and (d) PVC.

Method Minimum(min:sec) Mean(min:sec) Maximum(min:sec)

PVC 0:43 2:09 1:05
OPF 0:47 2:29 1:26
FAST 7:16 13:42 9:41

Table 5: Main problems of each method as noted by the specialists during visual analysis.

segment CSF, GM and WM, depending on the input image. The rest of the OPF execution
time comes from the inhomogeneity correction. As compared to the GM/WM segmentation
by OPF reported in [57, 51], the current algorithm has reduced it from 1.5 minutes to 15
seconds.
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6 Conclusion

We have presented a more efficient, accurate, general and robust approach for brain tissue
segmentation based on optimum-path forest clustering (OPF). The method includes a novel
field-inhomogeneity correction algorithm, a robust scheme for data sampling and tissue
labeling from the OPF clusters, ability to handle different MRI protocols (T1, T2 and
PD), a suitable strategy to separate WM, GM and CSF, and an extensive and objective
parameter-free evalutation strategy and experiments with synthetic and real images.

The results from the objective evaluation based on the DOC curve [58] indicate that
the proposed segmentation pipeline is more accurate and robust than two of the most
popular brain tissue segmentation methods in most of the cases [16, 17](FAST and PVC).
This analysis also suggests that the parameters of the OPF method can be tuned more
easily than in the other methods. The subjective evaluation reveals the main problems of
each approach and indicates that all methods can present similar good results on average.
On preoperative and postoperative brains, OPF did better, indicating that it is robust to
anatomical variations.

OPF and PVC can complete segmentation in less than 3 minutes, PVC being slightly
faster than OPF. However, PVC works only on T1 images, while OPF handles T1, PD and
T2 images with a better accuracy in most of the cases.
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