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I. I��R��������

S�ull stripping and inhomogeneity �non�uniformity or bias

�eld� correction are t�o important procedures that compose

most of the frame�or�s in medical image analysis of the

human brain �1�, �2�, �3�, �4�. �ecent revie�s of bias �eld

correction algorithms �5�, �6�, �7� analyzed the effects of s�ull

stripping prior to the inhomogeneity correction in 3 Tesla �3T�

images. For instance, �7� evaluated the �onparametric �onuni�

form intensity �ormalization method �8� in a 3T database

using different con�gurations. They concluded that bias �eld

correction can be improved as long as a precise input brain

mas� is provided. �o�ever, the �uestion �hether prior inho�

mogeneity correction improves s�ull stripping in 3T images



remains open. Reviews about skull stripping methods [9],

[10] restricted their bias �eld investigations to 1.5 Tesla

MR datasets and synthetic images. For these MR modalities,

authors in [10] concluded that inhomogeneity correction did

not improve signi�cantly the stripped brain in any condition.

This paper �lls the gap of evaluating the in�uence of

inhomogeneity over skull stripping methods in 3T MR-images.

Our analysis shows that, in contrast to what happens in

1.5T and in synthetic images, some of the standard solutions

underestimate brain tissues in the external cortical area and

around the cerebellum.

Since inhomogeneity effects are stronger in higher magnetic

�elds, it is extremely important to de�ne the optimal solu-

tion for this modality. In order to improve previous results

of the standard state-of-art algorithms like Brain Extraction

Tool [11], we propose a novel methodology denominated

Iterative Skull Stripping (ISS) that extracts the brain by

iteratively applying an alternate sequence of skull stripping,

morphological operations, inhomogeneity correction, intensity

standardization, and skull stripping.

In the rest of this paper, Section II describes the evaluated

methods. The ISS solution is presented in Section III; Sec-

tion IV contains the experimental analysis and results; �nally,

conclusions are summarized in Section V.

II. M��H�D� D��C��P���N

In this section, we will brie�y describe the evaluated

methods. Brain Extraction Tool [11] (BET) is a popular skull

stripping method. It uses the regional intensity properties to

compute the driving forces that push a template outward.

Robust regional image intensity minimum and maximum are

obtained from the histogram by excluding intensity outliers.

BET makes use of a nonlinear smoothness constraint on the

deformable model.

�onparametric �onuniform intensity �ormalization [8]

(�3) is an up-to-date powerful technique for correcting the

intensity inhomogeneity in MR-images. It achieves high per-

formance without the construction of tissue intensity or geo-

metric models beforehand. �3 uses a deconvolution kernel to

correct the smoothing caused by the bias �eld, sharpening the

intensity histograms. 	istinctly from the majority of the other

methods, �3 can be executed prior to skull stripping, since it

does not require a brain delineation.

The method presented in [12] that we will refer to as

Reference Voxel (RV) is a recent algorithm for inhomogeneity

correction. It assumes that white matter (WM) voxels are not

far from other brain voxels. Bias �eld is estimated based

on relationships between global maximal intensity and local

maxima restricted to an adaptive spherical adjacency centered

in each voxel.

III. I���A��
� SKULL S���PP�NG ���H�D�L�GY

We start this section by showing the differences and prob-

lems faced when stripping the brain in 1.5T and in 3T

datasets. �lthough contrast between gray matter (M) and

WM tissues is improved in 3T, the gradient between M

and cerebral-spinal �uid (�SF) is weaker due to stronger

bias �eld (Figure 2). It is expected that brain boundaries

composed by such weaker edges are harder to be distinguished.

Figure 3 shows common segmentation problems that arise

when segmenting 3T images with BET and an alternative

method called �louds [13] with their standard parameters.

We can conclude from the presented analysis and previous

studies [7] that inhomogeneity correction and skull stripping

are mutually dependent tasks in 3T images. On one hand, most

inhomogeneity correction methods require a brain mask as

input. Bias �eld correction by �3 without the input mask is not

as effective as we show in the experiments of Section IV. On

the other hand, stripping the brain from the original image usu-

ally results in underestimation of the brain volume (Figure 3).

To handle this circular reference problem, we propose the

ISS solution that uses alternately any combination of methods

for inhomogeneity correction and skull stripping, along with

morphological operations and intensity standardization. First,

ISS strips the brain from the original image just to have an

estimation of the brain mask (Figure 4(a-c)). �s the brain mask

is underestimated, the mask is dilated and used as input to

an inhomogeneity correction algorithm (Figure 4(d-e)). The

complement of the dilated mask is computed, multiplied by

the original image and added to the corrected brain (Figure 4(f-

g). The combined image now has the brain region free from

inhomogeneity effects and can be stripped again with more

precision (Figure 4(h).

It is important to note that the corrected brain of Fig-

ure 4(e) may be standardized [14] to the source image domain.

Standardization is specially important if the inhomogeneity

correction method changes the range of the intensities since,

the corrected brain restricted to the dilated mask from the �rst

stripping operation is combined with the mask complement

multiplied by the input image in order to restore the entire

image domain.

�lgorithm 1 summarizes the main ideas of ISS. In �ines

� and �, the iteration number and the current full image are

initialized. �ine � executes the �rst skull stripping required

at the beginning of the process. The remaining code (�ines

� to ��) is the main loop of the algorithm. When the last

iteration is achieved (checked in �ine �), the execution is

over, and the stripped brain is returned (�ine ��). �ines � to 6

compute a binary brain mask and dilate it using mathematical

morphology, to ensure that most of the brain is contained

in the mask. 	ilation may be performed or not based on

the employed skull stripping method behavior. The current

image, restricted to the dilated binary mask, is then corrected

from bias effects (�ine �). �fter that, the corrected brain is

standardized (�ines �) and added to the complement mask

of the dilated brain, multiplied by the original image (�ine

�).Finally, iteration number is updated (�ine ��), the brain

is segmented from the composed image � (�ine ��), and

execution jumps back to �ine �.

�ote that one might employ different parameters or even

distinct skull stripping and inhomogeneity correction algo-

rithms in each iteration. �lso, instead of using a de�ned



(a) (b)

(c) (d)

Fig. 2. ��� 1.5 Tesl� im�ge �n� ��� its gr��ient. ��� 3.0 Tesl� im�ge �n� ��� its gr��ient. E�ges �etween CSF �n� �ur� m�tter, �n� �etween GM �n� CSF in

the �ortex region �re �le�rer in 1.5 Tesl� im�ges.

(a) (b)

Fig. 3. ��� Br�in segmente� �y BET. ��� Segment�tion performe� �y Clou�s. Input im�ge is shown in Figure 2���. Using st�n��r� p�r�meters, �oth metho�s

un�erestim�te� �r�in tissues.
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Fi�. 4. S�m�l� o� ISS �l�orit�m �x��ution. T�� num��rs insi�� quot�tion m�rks r���r to t�� lin�s o� �l�orit�m 1. Int�nsity st�n��r�iz�tion is not s�ow��

��r�, sin�� in�omo��n�ity �orr��tion �i� not ���n�� t�� ori�in�l r�n��. 	�
 In�ut �r�in s��itt�l sli��. 	�
 First skull stri��in� �Lin� 3�. 	�
 Bin�ry �r�in m�sk

�Lin� 5�. 	�
 Dil�t�� �r�in m�sk �Lin� 6�. 	�
 Int�nsity �orr��tion o� t�� in�ut im��� r�stri�t�� to t�� �il�t�� m�sk �Lin� 7�. 	�
 Bin�ry m�sk �ont�inin� t��

�om�l�m�nt o� t�� stri���� �r�in �Lin� 9�. 	�
 A��ition o� t�� �orr��t�� �r�in �n� t�� �om�l�m�nt o� t�� in�ut �r�in �Lin� 9�. 	�
 Fin�l skull stri��in� �rom

t�� im��� 	�
 �Lin� 11�.
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4:0mm, 5:0mm, and 6:0mm.

The best results for both ISS�BET+N3+BET and

ISS�BET+RV+BET were achieved using a dilation with radius

of 5��. Dilation by smaller radius usually underestimate the

brain volume. Using larger radius, excessively increases the

mask volume, reducing the effectiveness of the inhomogeneity

correction algorithms. Therefore, we just present results of

ISS using radius of 5mm. Table I summarizes the accuracy

of the evaluated methodologies using the Dice metric [1�]

between each result and its respective GT. ISS�BET+N3+BET

achieved the best results for most of the images, followed by

ISS�BET+RV+BET, N3+BET, and BET.

Dice metric may be biased by a small differences as one

voxel distance between the result and the GT. To achieve

more robust result analysis [1�], we also present in Tables II

and III the mean Euclidean distance error and the mean

Euclidean square distance error between the segmented and

the ground-truth boundaries, respectively. The results corrob-

orate with Dice metric evaluation that ISS�BET+N3+BET and

ISS�BET+RV+BET are the best options for stripping the brain.

It is specially interesting to note that ISS�BET+N3+BET and

ISS�BET+RV+BET produced the best rates in all cases, 7 and

3, respectively, using square Euclidean distance metric, which

assigns greater penalty to longer distances.

The differences among ISS�BET+N3+BET, N3+BET, BET

with respect to the mean square Euclidean distance are

all statistically signi�cant according to pairwise t-tests with

� < 0:0�. The only statistically signi�cant involving

ISS�BET+RV+BET according to the same criteria relates to

BET methodology.
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Qigures � to 7 show qualitative results in sagittal, coro-

nal, and axial slices of the brain, respectively. In Qigure �,

ISS�BET+RV+BET segmented the anterior superior part of the

parietal lobe with more precision than the other methodolo-

gies. The same can be said about the left and right portion

of the cerebellum in Qigure �. In Qigure 7, on the other

hand, ISS�BET+N3+BET signi�cantly improved the results of

BET segmentation all around the cortical region. Therefore,

inhomogeneity correction improvements are remarkable. We
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repeated these qualitative experiments with more than \^ 3T

images, and the results were similar.

The main drawback of ISS methodology is its relatively

higher computational cost. The execution time _` of the

traditional approach composed by inhomogeneity correction

and skull stripping is given by

_` { _| } _~� �1�

where _~ and _| are the execution times of the skull stripping

and inhomogeneity correction algorithms, respectively. Using

ISS with one iteration, the execution time _|~~ is given by

_|~~ { _| } �_~ } _� } _� } _� � �\�

where _�, _�, and _� are the execution times of the bi-

nary morphological dilation, intensity standardization, and the

voxel-based image operations �i.e. addition, complement, and

multiplications�, respectively. Therefore, we have�

_|~~ { _` } _~ } _� } _� } _� : �3�

In practice, _| may be different in Equations 1 and \, since

the inhomogeneity correction is applied to the entire image in

the �rst case, and in the second it is restricted to the dilated
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Fig. 5. R�sults of skull stripping with ��f�ult p�r�m�t�rs in � s�gitt�l sli��s of im�g� 1 from th� qu�ntit�tiv� �xp�rim�nts p�rform�� �y m�tho�ologi�s: ���

M�nu�l s�gm�nt�tion, ��� BET, ��� N3+BET, ��� ISS:BET+RV+BET, �n� ��� ISS:BET+N3+BET.
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Fig. 7. R�sults of skull stripping with ��f�ult p�r�m�t�rs in � �xi�l sli��s of im�g� 1 from th� qu�ntit�tiv� �xp�rim�nts p�rform�� �y m�tho�ologi�s: ���

M�nu�l s�gm�nt�tion, ��� BET, ��� N3+BET, ��� ISS:BET+RV+BET, �n� ��� ISS:BET+N3+BET.


