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Abstract. We introduce a hybrid approach to magnetic resonance im-
age segmentation using unsupervised clustering and the rules derived
from approximate decision reducts. We utilize the MRI phantoms from
the Simulated Brain Database. We run experiments on randomly selected
slices from a volumetric set of multi-modal MR images (T1, T2, PD).
Segmentation accuracy reaches 96% for the highest resolution images and
89% for the noisiest image volume. We also tested the resultant classifier
on real clinical data, which yielded an accuracy of approximately 84%.
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1 Introduction

Segmentation is the process of assigning the class labels to data containing spa-
tially varying information. For Magnetic Resonance Imaging (MRI), we have a
3D data set (a volume) collected as a series of 2D slices. The goal is to clas-
sify every voxel within a slice to one of the tissue classes. We focus on three
classes of a clinical interest: cerebrospinal fluid (CSF), grey matter (GM), and
white matter (WM). It has been demonstrated repeatedly in the literature that
relative distribution of these classes is diagnostic for specific diseases such as
stroke, Alzheimer’s disease, various forms of dementia, and multiple sclerosis [6,
7]. An automated method for segmenting tissue would provide a useful adjunct
to clinical radiology for the effective diagnosis of disease.

Rough sets [1, 9, 14] provide powerful methodology for constructing classi-
fication models, useful also for image segmentation (cf. [5]). In our approach,
we create a decision table with objects corresponding to voxels and decisions
derived from the Simulated Brain Database (SBD) of fully segmented images 1

[2, 12]. To define conditional attributes, we employ two unsupervised clustering
algorithms – the self-organizing map and our own, simple method for the mag-
nitude histogram clustering. Using an order-based genetic algorithm (o-GA) [4,
22], we search for the optimal R-approximate reducts – irreducible subsets of

1 Provided by Montreal Neurological Institute http://www.bic.mni.mcgill.ca/brainweb



conditional attributes, which approximately preserve the data-based global rela-
tive gain of decision [17, 18]. From the best found reducts we generate (possibly
inexact) ”if...then...” rules applicable to classification of voxels in new slices.

There are several imaging parameters that affect resolution of MRI: slice
thickness, noise levels, bias field inhomogeneities (INU), partial volume effects,
imaging modality. These factors should be incorporated into an automated seg-
mentation system in order for it be clinically relevant. Hence, we verify the usage
of reducts learned over the slices from a high resolution image volume (1mm, 3%
noise, 20% INU) also for images with possibly higher noise (up to 9%) and INU
(up to 40%). Comparing to our previous research [19, 20], where the obtained
decision rules were tested only against the SBD data, we applied our segmen-
tation algorithm on real clinical images (T2-weighted, 5mm thick slices with
relatively low noise and bias). Despite differences in characteristics of the train-
ing and testing images, we obtained a segmentation accuracy of approximately
84% on clinical images. We believe this is a result of both appropriately derived
attributes and robustness of short rules induced from approximate reducts.

The paper is organized as follows: In Section 2, we describe the basic data
preparation techniques. In Section 3, we introduce the details of the applied
unsupervised clustering algorithms. In Section 4 we discuss the foundations of
the applied approximate attribute reduction method. In Section 4, we present
the experimental results. In Section 5 we summarize our work.

2 Data Preparation

The primary source of information obtainable from an MR Image is the magni-
tude value for a given voxel. For reasonably good MR images, for every consid-
ered modality, the voxels form a series of Gaussian distributions corresponding
to the tissue classes. In a typical MR image of the brain, there are generally the
following classes: bone, Cerebral Spinal Fluid (CSF), Grey Matter (GM), White
Matter (WM), as well as fat, skin, muscle and background. An example of mag-
nitude histogram is illustrated in Fig. 1. In this study, we focus on CSF, GM,
and WM exclusively. Therefore, the first processing step was to remove all voxels
that do not belong to the actual brain. Background is removed automatically
by applying a simple mask algorithm. Bone, fat, skin and muscles are removed
manually, basing on information about the SBD image crisp phantom.

To apply the segmentation procedure based on decision rules derived from
data, we must first generate the training data set. Following the standards de-
veloped within the theory of rough sets [14], we form a decision table A =
(U,A∪{d}), where each attribute a ∈ A∪{d} is a function a : U → Va from the
universe U into the value set Va. The elements of U are voxels taken from MR
images. Each SBD data set is a series of 181 217x181 images. We use a range
<61;130> of slices where we have good representation of all tissue classes. The
decision attribute d /∈ A represents the ground truth, which is necessary during
the classifier training phase. The set A should contain the attributes labeling the
voxels with respect to the available MRI modalities. Further, we characterize the
method we employed to extract the attributes in A from the MRI images.
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Fig. 1. A single bin frequency histogram from a T1 SBD slice #81 (1mm slice thickness,
3% noise and 20% INU). The x-axis values are 12 bit-unsigned integers, corresponding
to the magnitude of the voxels from the raw image data. The histogram’s peaks are
likely to correspond to particular decision/tissue classes.

Edge attributes are denoted by edgeT1, edgeT2, edgePD. They are derived
using a simple Discrete Laplacian method – a general non-directional gradient
operator determining whether the neighborhood of a voxel is homogenous. For
instance, edgeT1 takes the value 0 for a given voxel, if its neighborhood for T1 is
homogeneous, and 1 otherwise. We apply the 3x3 window to determine the voxel
neighbors. We use a threshold determined by the noise level parameter estimated
by running various tests on T1, T2 and PD training images, respectively. For
each parameter value at the range [0,0.5] we run a test measuring correctness of
recognized edges versus the phantom edges. Generally, the optimal noise param-
eter setting for T1 is 0.08, while for T2 and PD it is 0.13. The edge attributes
provide information that may be subject to a partial volume effect (PVE) – It
can be used also in the future studies on PVE.

Magnitude attributes are denoted by hcMagT1, hcMagT2, hcMagPD, as well
as somMagT1, somMagT2, somMagPD. They are derived using the histogram
clustering algorithm HCLUSTER (prefix ’hc’) and self-organizing map SOM
(prefix ’som’) for all three image modalities. SOM and HCLUSTER perform
the unsupervised segmentation of the image – they are discussed later in Section
3. The results of such segmentation are recorded as the corresponding attribute
values. In our previous work [19, 20], we employed a manually based approach
using polynomial interpolation to find the Full-Width Half-Maximum (FWHM)
value for each of the histogram peaks (cf. [2]). We find HCLUSTER and SOM
techniques more autonomous and accurate than FWHM.

Neighbor attributes are denoted by hcNbrT1, hcNbrT2, hcNbrPD, as well as
somNbrT1, somNbrT2, somNbrPD, They are derived as follows:

If (EDGE == 0)
NBR = the same class as in case of the MAG attribute

Else // EDGE == 1
NBR = major class value appearing in the neighborhood

Naturally, for hc-attributes we use the class values derived from the HCLUSTER
algorithm, and for som-attributes – those provided by SOM. For example, the
value of hcNbrT1 is calculated from edgeT1 (EDGE) and hcMagT1 (MAG).



Mask attribute is denoted as msk. It is used to mask the brain area. It can
happen that two different tissues have similar voxel value and appear on the
histogram in one peak. Knowing the relative position of a voxel may help in
removing the resulting classification ambiguity. It provides us with extra infor-
mation about the voxel location (e.g. CSF tissue is located more in the middle
of the brain). For the exact algorithm of deriving the mask values we refer to
our previous work [19, 20]. Here, we illustrate its appearance in Fig. 2D.
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Fig. 2. Modalities T1 (Picture A), T2 (B), and PD (C) from the SBD slice #81 (thick-
ness 1mm, 3% noise, 20% INU). Picture D presents the mask obtained for this case.

3 Histogram Clustering and Self-Organizing Maps

We propose a simple method for clustering the magnitude histograms, referred
as HCLUSTER. Let us denote the value of the i-th histogram’s position by hi.
We define the distance dist(i, j) between positions i and j as the length of the
path between points (i, hi) and (j, hj) with the histogram. Let’s assume that
i < j. We have dist(i, j) =

∑j−1
k=i

√
1 + (hk − hk+1)2, as illustrated by Figure 3.

The algorithm is controlled by parameters α and β, which influence the number
of found clusters, as well as sensitivity to the histogram’s peaks.
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Fig. 3. Illustration of histogram-based distance dist(i, j) between positions i and j.



(α, β)-HCLUSTER

1. Let DOM be the histogram’s domain, REP – the set of the cluster repre-
sentatives, and CAN – the set of candidates. Put CAN = DOM , REP = ∅.

2. Add position of the highest peak to REP , as the first cluster representative.
3. while (maxi∈CAN (minj∈REP dist(i, j) + α ∗ hi) ≥ β)

irep = argmaxi∈CAN (minj∈REP dist(i, j) + α ∗ hi)
CAN = CAN \ {irep}
REP = REP ∪ {irep}

4. Put every element of DOM to the cluster corresponding to its closest (due
to distance dist) element of REP .

For every modality, the obtained cluster numbers correspond to the magnitude
attribute values in the decision table. For instance, if the PD-magnitude of the
given voxel u ∈ U drops into the 3rd cluster (counting from left hand side of the
PD’s histogram), then we get the value hcMagPD(u) = 2.

The self-organizing map (SOM) is employed to automate the association
of a class label based on the magnitude of a voxel in a similar way as HCLUS-
TER. The network consists of 12 nodes, each initialized with normalized random
weights. The inputs are normalized magnitude values of voxels extracted from
images. The whole framework may work with either single or multiple modalities,
although, in this paper, we apply it only separately to T1, T2 and PD.

The SOM is trained on a single row in the middle of the randomly selected
slice from SBD. The weights are updated using the least mean square algorithm.
The training is terminated when the error is below a user specified level (0.01).
After training, the network is used to classify and generate values for somMag
and somNbr attributes for all voxels within the given volume.

Due to space constraints, we do not discuss how to adjust parameters of
the self-organizing map (like neighborhood, learning rate, maximum number of
learning cycles, etc.) and HCLUSTER (α and β). In the same way, we will not
discuss parameters of the genetic algorithm described in the next section. All
these settings are adjusted due to our experience with data processing.

4 Approximate Reduction

When modeling complex phenomena, one must strike a balance between accu-
racy and computational complexity. This balance can be achieved through the
use of a decision reduct : an irreducible subset B ⊆ A determining d in decision
table A = (U,A ∪ {d}). The obtained decision reducts are used to produce the
decision rules from the training data. Reducts generating smaller number of rules
seem to be better as the corresponding rules are more general and applicable.

Sometimes it is better to remove more attributes to get even shorter rules at
the cost of their slight inconsistencies. One can specify an arbitrary data-based
measure M which evaluates a degree of influence M(d/B) of subsets B ⊆ A
on d. Then one can decide which attributes may be removed from A without a
significant loss of M . Given the approximation threshold ε ∈ [0, 1), let us say



that B ⊆ A is an (M, ε)-approximate decision reduct, if and only if it satisfies
inequality M(d/B) ≥ (1 − ε) ∗M(d/A) and none of its proper subsets does it.
For an advanced study on such reducts we refer the reader to [15, 16]. Here we
consider the multi-decision relative gain measure [17, 18]:

R(d/B) =
∑

rules r induced by B

(
number of objects recognizable by r

number of objects in U
∗

max
i

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

)
(1)

Measure (1) expresses the average gain in determining decision classes under
the evidence provided by the rules generated by B ⊆ A. It can be used, e.g., to
evaluate the potential influence of a particular attributes on the decision. The
quantities of R(d/{a}), a ∈ A, reflect the average information gain obtained
from one-attribute rules. They are, however, not enough to select the subsets
of relevant attributes. For instance, several attributes a ∈ A with low values of
R(d/{a}) can create together a subset B ⊆ A with high R(d/B).

The problems of finding approximate reducts are generally hard (cf. [15]).
Therefore, for the decision table with attributes described in the previous sec-
tions, we prefer to consider the use of a heuristic rather than an exhaustive
search. We adapt the order based genetic algorithm (o-GA) for searching for min-
imal decision reducts [22] to find heuristically (sub)optimal (R, ε)-approximate
decision reducts. We follow the same way of extension as that proposed in [16],
also used by ourselves in the previous papers on MRI segmentation [19, 20]. As
a hybrid algorithm [4], the applied o-GA consists of two parts:

1. Genetic part, where each chromosome encodes a permutation of attributes
2. Heuristic part, where permutations τ are put into the following algorithm:

(R, ε)-REDORD algorithm (cf. [16, 22])

1. Let A = (U,A ∪ {d}) and τ : {1, .., |A|} → {1, .., |A|} be given; Let Bτ = A;
2. For i = 1 to |A| repeat steps 3 and 4;
3. Let Bτ ← Bτ \ {aτ(i)};
4. If Bτ does not satisfy inequality R(d/B) ≥ (1− ε) ∗R(d/A), undo step 3.

We define fitness of a given permutation-individual τ due to the quality of Bτ

resulting from (R, ε)-REDORD. As mentioned before, we would like to focus on
reducts inducing possibly low numbers of rules. Therefore, we use the following:

fitness(τ) = 1− number of rules derived from Bτ

number of rules derived from the whole set A
(2)

To work on permutations-individuals, we use the order cross-over (OX) and the
standard mutation switching randomly selected genes [4, 13]. It is important that
the results are always (R, ε)-approximate decision reducts.



5 Results of Experiments

All the classification tests were performed using the following procedure:

1. Generate the approximate reducts using o-GA based on (R, ε)-REDORD for
a given ε ∈ [0, 1). Leave out ten reducts related to the best fitness (2).

2. For every reduct (out of ten left) generate (possibly inexact) decision rules.
Filter the rules according to their coverage measure.

3. For every new voxel, vote using the confidence of all applicable rules.

Reducts and rules were generated using 10 slices chosen randomly from the SBD
database, for the slice range [61, 130], 1mm thickness, 3% noise, and 20% INU.
The resulting classifier were tested against 20 slices (always different than those
chosen for training) from the same range, taken from the following volumes:

– Volume 1: 1mm thickness, 3% noise, 20% INU
– Volume 2: 1mm thickness, 9% noise, 20% INU
– Volume 3: 1mm thickness, 9% noise, 40% INU

Obviously, the segmentation is more challenging when applied to slices with a
higher noise/INU. Figure 4 presents the average (for 10 experiments repeated
with different training/testing slices) accuracy (the number of correctly recog-
nized voxels divided by the number of total number of voxels) and coverage (the
number of recognized voxels divided by the total number of voxels).
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Fig. 4. Accuracy and coverage for the SBD volumes 1,2,3, given different values of ε.

For this particular data, given ε = 0, there is only one reduct – the set of all
attributes. The corresponding rules are then too specific and, therefore, coverage
is very low. While increasing ε, the reducts become shorter and the number of
generated rules decreases, as shown in Figure 5. Coverage grows fast to 1.00
(note that in Figure 4 the range for coverage is 0.00-0.02, while the range for
accuracy is 0.0-0.2). The best accuracy is obtained for the following settings:

– Volume 1: 96% for ε = 0.010
– Volume 2: 91% for ε = 0.052
– Volume 3: 88% for ε = 0.108

Let us note that the above results are significantly better than those obtained
in [19, 20] (95.1%, 84.4%, 78.7%) using the FWHM-based attributes. Also notice
that when the noise and INU increase, higher ε gives better performance.
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We tested the segmentation accuracy also on a sample of T2-weighted images
acquired from a clinical environment. The images were acquired using a transmit
and receive birdcage head coil imaged in the axial plane, using an interleaved
spin-echo pulse sequence (TR = 130 ms and TE = 3000 ms), 96x96 matrix, slice
thickness of 5mm with 1mm inter-slice gap, field of view = 24x24cm with an in-
plane resolution of 3.24mm2 (1.8 x 1.8mm). No preprocessing of the images was
performed. Manual segmentation was performed by a domain expert. Differences
between the classifier based segmented tissue classes and clinical tissue classes
are reported in Fig. 6. Segmented images are illustrated in Fig. 7.

Manual Segm. Autom. Segm.

Tissue Category Image 1 Image 2 Image 1 Image 2

Whole Brain 5080 5058 5114 5170

CSF 280 541 200 (1.6%) 403 (2.8%)

GM 2382 2457 2801 (8.2%) 2777 (6.3%)

WM 2409 1707 2113 (5.8%) 2090 (7.6%)

Total Error 15.5% 16.7%

Fig. 6. Comparison between manual and automated segmentation on the T2-weighted
axial images. The values in the segmentation columns refers to the total number of
voxels n that class and the values in parentheses represents the difference between the
manual and automated classification (the associated error) expressed as a percentage
of the total number of manually segmented (clinical) voxels.

6 Conclusions and Discussion

The segmentation algorithm developed in this paper was tested on the SBD
data sets, producing a maximal accuracy on the order of 96%. We also tested
the accuracy of the rule set generated from training on the SBD volumes on
real clinically derived T2-weighted images, producing the average accuracy ca.
84%. The primary factor influencing the classification accuracy of the clinical
images appears to be directly related to partial volume effect (PVE) – as most
voxels that were misclassified were edge voxels – principally between GM and
CSF and also between GM and WM. These edge effects are difficult to manually
classify – as the domain expert also will face difficulties in deciding, without any
preprocessing of the images – which category a voxel belongs to.
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Fig. 7. Real T2-weighted images (A,C) and corresponding segmentation results (B,D).

A favorable factor is that any errors produced by PVE will be systematic –
and with respect to comparing segmentation results – one would expect the bias
to occur consistently between manual and artificially segmented images. In order
to reduce this burden on segmentation accuracy, and to improve the accuracy
of our automated segmentation algorithm, we will employ methods that reduce
the partial volume effect in our future work. We also plan to train the system on
more different data sets. We think that doing that and tuning the parameters
better would significantly improve the results.

Our automated MR image segmentation was substantially improved com-
paring to previous version [19, 20]. A principal change is the automation of the
magnitude attribute extraction, previously performed manually through the use
of a polynomial interpolation technique. We implemented two automated unsu-
pervised clustering techniques: one based on a derivation of histogram clustering
and the other based on a self-organizing map. Because of the lack of space, we did
not present the results related to relative importance of the obtained attributes
in reducts and rules. Our general observation is that the best classification per-
formance is provided by diversified ensembles of the attribute sets, generated
from both applied clustering methods in the same time.
Acknowledgments: The third author was partially supported by the research
grant of the Natural Sciences and Engineering Research Council of Canada.
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