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Abstract. Segmentation of magnetic resonance imaging (MRI) data en-
tails assigning tissue class labels to voxels. The primary source of seg-
mentation error is the partial volume effect (PVE) which occurs most
often with low resolution imaging — With large voxels, the probability of
a voxel containing multiple tissue classes increases. Although the PVE
problem has not been solved, the first stage entails correctly identifying
PVE voxels. We employ rough sets to identify them automatically.

1 Introduction

Image segmentation is the process of assigning the class labels to data containing
spatially varying information. In case of Magnetic Resonance Imaging (MRI) of
the brain, segmentation relies on the magnitude values of voxels collected during
the scanning procedure [6, 13]. The brain is imaged through the 2D slices sampled
at a particular thickness. The goal is to classify every voxel within a slice to one
of the tissue classes. It has been demonstrated that their relative distribution is
diagnostic for specific diseases [3, 4].

Among many difficulties in segmenting MRI data, there is the partial volume
effect (PVE) [2,9]. In this paper, we focus on the automated detection of voxels
subject to PVE. mthods developed for this problem so far do not provide satis-
factory solution [1,7]. We consider the theory of rough sets [8], particularly the
approach based on approximate reducts [11,12], as an alternative tool. Results
are obtained for the data from Simulated Brain Database (SBD)!. They can be
incorporated with our previous work on MRI segmentation [14,15].

2 Data Preparation

The magnitudes of voxels are given in three modalities (T1, T2, PD). Under nor-
mal circumstances, the magnitudes of voxels form Gaussian distributions corre-
sponding to the following tissue classes: bone and background (BCG), Cerebral
Spinal Fluid (CSF), Grey Matter (GM), White Matter (WM), and others (fat,
skin, muscle), as visible Figure 1. We focus on CSF, GM, and WM.

1 SBD database is provided by the Brain Imaging Centre, Montreal Neurological In-
stitute http://www.bic.mni.mcgill.ca/brainweb
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Fig. 1. The magnitude histogram obtained from a T1 slice. The x-axis corresponds to
the magnitude of voxels. The peaks are likely to correspond to particular tissue classes.

To develop the PVE identification procedure, we first generate the training data.
Following the standards of the theory of rough sets [5, 8], we form a decision table
A = (U, AU{d}), where each attribute a € AU{d} is a function a : U — Vj, from
the universe U of voxels into the value set V. The elements of U are voxels. The
set A contains the following binary attributes extracted for each modality:

EDGE attributes are derived by a modified Discrete Laplacian method — a non-
directional gradient operator determining whether neighborhood of a voxel is
homogenous within a specified tolerance. We use a threshold for homogeneity
tuned separately using the T1, T2, and PD training images. We consider this
attribute type because voxels on tissue edges are more likely to suffer from PVE.
We put the voxel’s value as 1 in case inhomogeneity is detected and 0 otherwise.

MAGNITUDE attributes are derived using the magnitude histogram clustering
[14]. Tts idea is to produce clusters as intervals around the histogram’s peaks
and within the gaps. The distance between the magnitude levels is illustrated by
Figure 2. The algorithm is controlled by parameters deciding about the number
of peaks detected and size of intervals around them, which are tuned as in case
of the edge attributes. Since the histogram’s peaks are likely to correspond to
particular tissues, we define this attribute’s value as 1 for voxels with magnitudes
within the peak intervals and 0 for those dropping into the gaps.
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Fig. 2. Illustration of the histogram distance between magnitude positions ¢ and j.

NEIGHBOR attributes are derived from the edges and magnitudes. If the edge
is not detected for a given voxel, the neighbor attribute’s value is copied from the
magnitude attribute. Otherwise, it is equal to the magnitude attribute’s value
(0 or 1) occurring more frequently within the direct voxel’s neighborhood.



Fig. 3. Modalities T1 (A), T2 (B), and PD (C). D presents PVE (black) and NOE
(white) decision classes obtained from the fuzzy SBD phantom for the same slice.

Attribute d ¢ A indicates whether voxels belong to PVE or NOE (NO-Effect)
decision classes. For training and evaluation of the PVE identification accuracy, it
is derived from so called fuzzy phantoms taken from SBD data, where each voxel
is labeled with memberships to particular tissue types. We use the threshold to
decide whether a given voxel belongs to the NOE class (if its membership to one
of tissues exceeds enough the average tissue content level for the given slice) or to
PVE class (if memberships are not diversified enough to decide). The threshold
is tuned over the middle brain slice to get approximately 30%/70% distribution
between the PVE and NOE classes, as illustrated by Figure 3.

3 Attribute Tuning and Reduction

While classifying new cases, one must strike a balance between accuracy and
computational complexity. It can be achieved through the use of a decision reduct
[5, 8]: an irreducible subset B C A determining d in decision table A = (U, AU
{d}). Reducts are used to produce the decision rules from the training data.
Sometimes it is better to remove more attributes to get shorter rules at the cost
of their slight inconsistencies. Let us consider the following measure:

R(d/B) =

Z number of objects recognizable by r .
number of objects in U

rules r induced by B

probability of the i-th decision class induced by r
max
i prior probability of the i-th decision class



Fig. 4. Attributes derived for a single slice from the phantom data set. Image A cor-
responds to the edge attribute based on modality T1. B and C correspond to T2 and
PD, respectively. The second row of images corresponds to the magnitude attributes.

Measure R expresses the average gain in determining decision classes under the
evidence provided by the rules generated by B C A [11, 12]. Given approximation
threshold € € [0,1), let us say that B C A is an (R, ¢)-approximate decision
reduct, if and only if it satisfies inequality R(d/B) > (1 — ¢) = R(d/A) and
none of its proper subsets does it. We derive such approximate reducts from the
MRI-related training data described in the previous section, using the order-
based hybrid genetic algorithm adapted from [10, 16]. The results of applying
the reduct-based rules to the testing images are presented in the next section.
R can be used also to evaluate single attributes. In particular, we apply it to
tune the previously-mentioned parameters of the edge and magnitude attributes.
The resulting attributes approximate very well the less frequent and actually
more important PVE decision class — its area is almost perfectly contained in
the borderline regions indicated by attributes a € A maximizing R(d/{a}). Ex-
amples of such obtained regions are illustrated by Figure 4. Consequently, the
PVE identification procedure based on such attributes is expected to avoid mis-
classifying the PVE voxels as the ones which do not suffer from PVE.

4 Preliminary Results

The SBD phantoms have a complete set of MRI volumes, including partial voxel
volumes of varying slice thickness (3-9 mm). For this study, we employed the
3mm thick volumes. We selected a range of slices from the center of the volume
(27-36) for training/testing purposes. Reducts and rules were generated from the
training set. The results are presented in Figure 5. For high € € [0, 1), the reducts
are empty, leading to a blind guess classification of all voxels to the larger class
(no partial volume effect). In practice, however, we are more interested in sensi-
tivity (accurate recognition of PVE), even if it leads to an increase of the false
positive fraction. The accuracy curve suggests that for intermediate approxima-
tion thresholds the obtained non-empty reducts still provide a reasonable overall
score and may better approximate PVE by decision rules.
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Fig. 5. Average accuracy of PVE identification with respect to the choice of ¢ € [0,1).

In Figure 6 it is visible that the shape of PVE classified area matches the actual
one. Moreover, our method provides valuable results targeted at better PVE sen-
sitivity and specificity. The amount of misclassified PVE voxels is considerably
smaller than for NOE. Further research is needed to improve overall accuracy.

Slice no. 27 [NOE|PVE| |Slice no. 36 [NOE|PVE
Actual NOE| 7106|6768| |Actual NOE| 7197|5198
Actual PVE|1277|5099| |Actual PVE| 976|3714

Fig. 6. Example of PVE-identification for intermediate € € [0, 1). Top left: The actual
PVE area (black) taken from the phantom. Top right: the result of classification. Below:
Confusion matrices for two other testing slices, obtained using non-empty reducts.

5 Conclusion

We presented a rough set-based system for partial volume voxel detection in
multi-modal MR images. To extract relevant attributes, we utilized the edge de-
tection and magnitude clustering methods on three imaging modalities. Decisions
were obtained from fuzzy phantoms, taken from Simulated Brain Database. The
obtained preliminary results show that the proposed method, based on simple
binary attributes, is worth further development. Our approach forms the basis of
a comprehensive automated segmentation algorithm. First, voxels not subject to
PVE may be identified and segmented using previously developed methodology
[14, 15]. The remaining voxels, presumed to suffer from PVE, may be processed
accordingly. It provides the first instance of a rough set system that is capable
of segmenting MR images regardless of occurrence of PVE.
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