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Abstract. We present a quantitative evaluation of MR brain images
segmentation. Five classifiers were tested. The task was to classify an MR
image into four different classes: background, cortical spinal fluid, gray
matter and white matter. The performance was rated by first estimating
a ground truth (EGT) using STAPLE and then analyzing the volume
differences as well as the Dice similarity measure between each of the 5
classifiers.

Introduction: Classification of brain tissue classes into white matter, gray mat-
ter and cortical spinal fluid (CSF) is an essential step in most neuroanatomy
studies based on MR images. Several algorithms have been presented over the
past decade and their performances are ever improving. Moreover, in recent
years, novel evaluation procedures have been developed and it is now possible to
rate accurately different methodologies even when a ground truth is not avail-
able. In an effort to improve our own segmentation pipeline, we have performed
an evaluation of five different brain tissue classifiers. Methods: Our data set
consisted of 24 pairs of MR volumes acquired on a GE 1.5T scanner. The first
volume is a 0.9375x0.9375x1.5mm SPGR coronal scan, the second volume is a
0.9375x0.9375x3mm T2 weighted axial scan. All the classifiers use both volumes
for the segmentation. The first algorithm (1) is an implementation of the sem-
inal Expectation Maximization (EM) framework of Wells et al. [5]. The second
algorithm (2) is the output of (1) manually edited by an expert to remove non
brain tissues. The third algorithm (3) is also an EM segmenter, but one that
uses spatial information provided by a probabilistic atlas as well as a hierar-
chical model for the tissue classes [1]. The fourth (4) is an implementation of
the improved Watershed segmentation by [4]. In the fifth method (5) the bias
field was corrected with [5] before running [4]. An approximate ground truth
classification was estimated using STAPLE [3], and was later used to evaluate
volumetric differences between each of the 5 classifiers and the estimated ground
truth. The Dice similarity measure between the ground truth and the individual
segmentations was also calculated [2].

Table 1. Performance scores of the different classifiers

Gray Matter CSF White Matter
(1) (2) (3) (4) (5) (1) (2) (3) (4) (5) (1) (2) (3) (4) (5)

AVG(|X|-|EGT|) 166 68 -17 141 119 -61 -116 -5 16 14 140 6 -16 -161 -138
STD(|X|-|EGT|) 42 28 33 27 30 25 24 22 14 10 30 19 29 25 29

Dice 0.86 0.93 0.83 0.85 0.87 0.54 0.57 0.67 0.90 0.91 0.90 1.00 0.91 0.83 0.87
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Results and Discussion: The results are shown in table 1. Figure 1 presents
a box-and-whisker plot of the volume differences. The volumetric analysis ranks
method (3) as the best method, but method (5) has the highest Dice scores.
Our experts think method (3) is better but this judgment was not quantified.
While it is difficult to know which is the best classifier, some conclusions can still
be inferred: (i) thankfully, manual brain stripping always improves the results,
(ii) bias field correction also always improves the segmentation, (iii) volumetric
measurement and overlap measurements such as the Dice measure do not always
agree, (iv) if one method is significantly different but better than all others,
its score is likely to be low when compared to an estimated ground truth. In
future work, we propose to investigate other measures, such as the sensitivity
and specificity provided by STAPLE. We also plan to compare the different
results to small regions of the brain previously manually segmented by experts.
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Fig. 1. Box-and-Whisker plot of the volume difference between each classifier and EGT
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