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Abstract
A software architecture is presented that is able to perform classification of focal lesions due to the
multiple sclerosis disease in MR images of the brain. The methodology proceeds through four main
steps: tissue segmentation, re-clustering and tissue classification, lesion localization and lesion
classification.  Images are first segmented using the FCM algorithm; then the images of each cluster
are processed in order to classify and label non-pathologic tissues making use of simple decision
algorithms based on suitable numerical indices related to tissue morphology. All possible candidates to
be sclerosis lesions are then located by means of morphological operations applied to binary images of
single tissues. Finally the classification step is performed together with an estimate of the position and
the shape for each lesion. Each candidate has been characterized by means of a set of measurements
related to its shape, position and brightness as a way to code the clinical knowledge about the disease
under investigation. Classification is implemented using both an algorithmic classifier and a multi-layer
perceptron trained using a back-propagation scheme, and the performances of the two approaches are
compared. The outline of the whole architecture is presented and the experimental results are reported.

1. Introduction
During last decades, a lot of work has been spent to the aim of segmenting brain tissues and lesions in
MRI. This task is of enormous relevance in the diagnosis and therapy of all the afflictions of the brain.
An efficient and reliable segmentation tool allows the doctor to determine more precisely the disease
entity and to better follow its evolution.
The separation of the brain from skull, eyes and other tissues and the classification of multiple sclerosis
lesions are the two main activities in the research work related to this paper. However, the general
framework of the present work is the development of a design methodology for tools acting as a
support to the diagnosis process in all those affections that require medical imaging.
Such a tool presents to the clinician both a qualitative and a quantitative description of the disease and
allows him to formulate more detailed diagnoses. Besides, it’s possible to better follow the evolution of
the particular syndrome investigated because comparisons can be easily carried out between successive
tests for the same patient.
The realization of general-purpose tools of this kind is very hard or impossible, due to the nature of the
problem under consideration. On the contrary, the design of tools devoted to analyze a single disease
may be supported by the well defined nature of the necessary clinical knowledge, that can be described
as a set of features e.g. shape or brightness measures in the regions of interest extracted from medical
images.
The clinical picture can be submitted to several specialized modules concurring to provide a pool of
possible diagnoses each with its degree of confidence and a set of quantitative measures. The doctor can
evaluate the system responses and assess the more likely ones in order to make his diagnosis.
In these cases a multi-module approach as opposed to the classic AI diagnostic systems can result in an
overall increase of diagnosis accuracy [13]. In particular, a software system able to perform
segmentation and classification of tissues in MR images of the brain is presented. The system is aimed
to locate and recognize focal lesions deriving from multiple sclerosis disease.
The presented system can classify and label pathologic and non-pathologic tissues in the analyzed
images, and give a numeric estimate of the shape and the position of each lesion.
The architecture is made up by two main stages: first the segmentation and labeling of brain tissues is
performed and then the potential sclerosis objects are located and classified.
The tissue segmentation is based on the well-known fuzzy c-means (FCM) algorithm [6,7,8] that has
already been successfully applied to the segmentation of MR images representing tumor lesions of the
brain [1,2,4,5]. The application of fuzzy c-means gives a correct distinction between different tissues,
but it often results in an over-segmentation in which a single tissue is split into more than one cluster. A
re-clustering phase follows which uses a decision algorithm to merge the over-segmented clusters and to
label the different tissues in the RM slices.



Sclerosis candidate objects are located through a morphological analysis of the binary images
representing the re-clustered tissues.
In the classification step we have defined a set of measures that characterize a possible lesion object.
We’ve put them together with the information derived in the tissues labeling phase in order to obtain a
feature vector representing each potential lesion.
The architecture of the classifier is a multi-layer perceptron trained using the back-propagation
algorithm. Due to the characteristics of the problem, a connectionist approach may be regarded as the
more appropriate to accomplish this task.
Sclerosis segmentation and classification is a very hard goal. In this task, the anatomical knowledge of
the disease is involved, which has to be used to perform a fine discrimination between white matter
(WM), gray matter (GM), peripheral and ventricular cerebro-spinal fluid (CSF) in order to locate all
possible sites of the lesions.
Several approaches have been proposed in the last years: Zijdenbos [15] proposes a neural approach to
segment brain in five classes: background, white matter, gray matter, CSF and white matter lesions
(WML) by means of a multi-layer perceptron trained with the back-propagation algorithm. Kamber
[11] and Johnston [10] propose stochastic approaches to the 3D segmentation of the brain. In [11] a
probabilistic model providing the a priori probability of the tissues distribution is derived from the
analysis of several volunteers' slices, and Bayesian classification is performed on 3D data sets that have
been previously affine-transformed in order to normalize them. In [10] a stochastic relaxation approach
to 3D analysis is proposed that is based on the use of the iterated conditional modes (ICM) algorithm.
This algorithm produces a map of voxels, each of them with an estimate of its percentage composition
in terms of the various tissues and/or lesions. The method works separately on conspicuous and subtle
lesions. Udupa [14] makes use of an original interactive procedure that is based on the concept of
fuzzy-connectedness. This is a re-formulation of the topological connectedness with variable degrees of
strength. WM, GM and CSF fuzzy-connected 3D objects are defined starting from some regions
manually outlined by the operator. The holes existing between these objects are located as possible
sites of conspicuous lesions, then the operator interacts with the system to accept or reject its results.
Subtle lesions are segmented starting from a weaker definition of fuzzy-connectedness in the white
matter object. Krishnan [12] proposes a method based solely on image analysis techniques. The
approach starts from the computation of the ratio image between the PD and the T2 signal. First, a
manual thresholding of the ratio image is used to obtain the white matter, CSF and lesions masks.
These masks are applied to the PD and T2 images and the related histograms are analyzed in order to
obtain four threshold values that are used to actually segment the T2, PD images. In this way the CSF
is removed while conspicuous and subtle lesions are obtained.
Most of the previously described approaches require an initial manual segmentation and need a
comparison with the work of an expert. On the contrary, our approach is fully automated as regards
segmentation and re-clustering in which we use both data information and clinical knowledge. Besides,
we encode the expert assessment in the learning phase of the classifier: so this component is trained to
provide estimates that are close to those of the expert both for lesions and artifacts.
In the present paper we start from some suggestions from the works of Clark [1], Hall [5], Liang [3],
and Bezdek [4] on the segmentation of MR images in order to classify pathological and non-
pathological tissues. We derive a quantitative description of the position and the shape of focal lesions.
The rest of the paper is arranged as follows. In the following section we’ll explain in detail the
segmentation and re-clustering steps in order to achieve a correct classification of tissues. Next, the
procedure for candidate sclerosis location and building of the feature vectors for classification will be
described. Finally, a comparison between the performances of the two classifiers we adopted will be
carried out, along with the analysis of the experimental results.

2. Tissue segmentation
In this section an outline of the segmentation, re-clustering and tissue labeling stages is explained:
further details can be found in [9].
The tissue segmentation subsystem is based on the well-known FCM approach to MR images
segmentation.
Formally, a clustering problem can be expressed as follows: given a set X={x1, x2, ... xn}, where xi ∈
RP denotes an object characterized by p attributes, subdivide the n elements of X into c ∈ [2, n)
clusters.
To solve this problem it is convenient to represent each cluster by means of its center vi ∈ RP and to
assign an object to a cluster according to the distance of the object from the cluster center, which can be
measured by means of Euclidean norm.
Let define the c x n matrix U = [µik] where µik denotes the membership degree of xk to the cluster Si. If
the following conditions are satisfied, U is called a fuzzy c-partition [1].
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Mfc denotes the set of matrices satisfying the above conditions. Now, both the c x n values of µik and
the cluster centers vi are unknown. A criterion frequently used for clustering is the variance criterion
according to which the following problem is solved, that is to find a fuzzy c-partition in order to
minimize the index J(U, v1, ... vn) given by:
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is the inner product norm, where G is a p x p positive definite matrix; if G ≡ I  we obtain the Euclidean
norm. Summations in (2.1) are with respect to µik and vi, i ∈ [1, c], k ∈ [1, n] subject to U ∈ Mfc and vi

∈ RP. The FCM algorithm provides an iterative solution to the problem stated above starting from a
suitable initial choice U0 for the fuzzy c-partition [1].
In our implementation, the segmentation tool classifies the pixels in a MR slice in 10 different clusters
(c = 10). Each pixel is characterized by a 2-dimensional feature vector (p = 2) made up by the gray
levels of the pixel in the T2-weighted and in the Proton Density image of the slice. We don’t take into
account the T1-weighted image because it is of minor interest in the multiple sclerosis diagnosis, due to
the poor contrast between focal lesions and surrounding tissue. The choice of c has been made on the
basis of a trial and error approach. It has been noted that for c = 10 most pixels are assigned to clusters
well representative of tissues, whereas for c > 10 meaningless clusters are obtained. The results of the
segmentation procedure described above are displayed in figure 2.1 in which the two original MR
images are shown together with the clustered image.

Fig. 2.1 from left to right: a T2-weighted MR slice, the corresponding PD
image and the segmentation results using the FCM algorithm.

3. Re-clustering and tissue labeling
The application of FCM gives a correct distinction between white matter, gray matter, CSF, brain
cortex and skull tissues, but it results in an over-segmentation in which a single tissue is split in more
than one cluster.
The re-clustering procedure is based on the fact that a single tissue is split into clusters that are adjacent
in the feature-space. Our approach is inspired to the work presented in [1,2], where the main goal was
the detection of abnormal shapes with respect to some templates for qualitative tissue models derived
from statistical analysis of the data images. The system described in [1,2] makes use of a hierarchical
classification frame where, at first, air and skull tissues are located and discarded; then white matter is
recognized and searched in, for abnormal shapes. If white matter shape matches to its template, then
the process is iterated on CSF and, if even CSF is normal, on gray matter.
The most evident difference between our approach and the work in [1,2] is that the latter is aimed to the
search of very large lesions, like those arising in tumor afflictions, and not to exact tissue labeling. On
the contrary, our approach is aimed to provide a complete description of the anatomical structure under
investigation, both for good tissues and for sick ones, and to locate subtle lesions.
We have carried out some heuristic measures involving the number and the distribution of pixels in the
binary images representing single clusters as they result from the FCM algorithm. Moreover some
measures have been performed on the mutual position of the clusters in the feature space.
The main steps of the re-clustering algorithm are the following:

1. Discarding air and skull tissues;



2. Locating and labeling white matter;
3. Locating and labeling other tissues: at this step sclerosis objects are merged with brain cortex.

In order to perform separation between extraneous tissues and the brain we can use anatomical
knowledge. In fact all tissues that are to be discarded, form a band around the brain and there’s a gap
between them and the brain itself. First, we discard the first two clusters in T2 space (0 and 1) without
further investigation because of the experimental evidence that they belong to air and skull tissues in all
the processed images. A binary image is built setting to 1 all the bits corresponding to cluster from 2 to
9 and the center of the resulting area is computed as first order moment. We use a contour points search
procedure (CPS) that is the same as in [1,2] in order to determine the extreme points of the vertical and
horizontal axes of the brain. Let l1 and l2 be their respective lengths.
We know that the regions of no interest for our analysis are placed completely outside of the brain area
and that they encompass it: so we use a rough procedure to analyze clusters 2, 3 and 4 and to discard
those ones that contain only air and skull tissues. A rectangle is drawn on the image, which has the
same center as the brain region, with dimension V x H where 26.0 lV ⋅=  and 17.0 lH ⋅= . We found

experimentally that all the clusters representing brain tissues have more than 600 points inside the
rectangle area even if they contain spurious points, while the clusters of no interest have no more than
250 points in it. So we use a threshold of 400 to discriminate between clusters, discarding those ones
with less than 400 points in the rectangle area. This procedure creates some holes in the binary image
of the brain: so we locate and eliminate them using an algorithm to search simply connected regions
made up by background pixels.
A more fine procedure is used at this point to merge over-segmented clusters. First, the CPS procedure
is applied to approximate with a polygon the brain. Then all clusters are analyzed to compute how
many points are inside the polygon. Again we use a threshold of 400 points. All those clusters that have
less than 400 points inside the polygon are merged with the next cluster in the feature space, while their
external points are discarded. This procedure isn’t applied to clusters 8 and 9 because they are always
representatives of CSF and brain cortex mixed with sclerosis objects: the anatomical structure of these
tissues doesn’t allow obtaining more than 400 pixels in the slice image. Finally, we obtain the vector of
adjacent clusters in the feature space that is used to perform tissue labeling.
The algorithm for locating and labeling white matter starts from the experimental evidence that all
points of the first cluster in the vector belong to white matter: sometimes white matter is split in the
first two clusters. We’ll refer to the first cluster in the vector as the known cluster, while the second will
be the unknown cluster: now, the problem is to determine if the unknown cluster is representative of
white or gray matter.
To accomplish our task we implemented a simple decision algorithm that relies on the computation of
four numerical indices derived from topological measures on the points of the first two classes in the
vector:

• boundary density;
• compactness;
• width variation;
• slope variation.

Morphological operators have been heavily used on the binary images representing the various clusters
in order to derive these indices. Here follows a brief outline of their definition: implementation details
are explained in [9].
The boundary density db indicates how much points of the unknown cluster are lying near the brain
contour: in fact, gray matter is mainly placed in this region, while white matter is not. The boundary
density is obtained as:
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Here b is the total number of points in a 7 pixels-wide boundary region of the brain, not including
discarded tissues, while ub is the number of pixels belonging to the unknown cluster in the same region.
Compactness is used in order to discriminate between white and gray matter because of the
experimental evidence that gray matter forms more sparse clusters than white matter. Compactness is
defined as:

N
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Here Nf is the pixels number after a suitable morphological filtering [9] of the cluster image, while N is
the original number. In order to obtain a compactness measure relative to the known cluster, we derive



a constant value k for each image, so that the normalized value ckn of the known cluster compactness is
always set to a fixed value. For our convenience we have chosen:
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If white matter is split in two clusters, it can be noted that the unknown cluster is mainly placed around
the known one and results “larger”: this is particularly true in the median region of the brain.
Following this idea, we have derived experimentally a numerical index called width variation ∆w. A
symmetric horizontal strip is considered in the image whose width is set to 30% of the length of the
vertical brain axis. In this strip we find the couple of points with the maximum left and right distance
from the vertical axis of the brain: we refer to the horizontal displacement w between them as the
strip’s width. Finally we compute:

ku www −=∆ (3.4)

The last numerical index used to discriminate among white and gray matter is the slope variation of the
segments connecting centers of clusters in the T2-PD space (see fig. 3.1).
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Fig. 3.1 Clusters distribution in the feature space; slope variation is
computed between the two segments connected to the known cluster. In
this example, white matter is split in two clusters, thus obtaining a positive
slope variation.

In particular, if we consider the two segments connected to the center of the known cluster, slope
variation can be computed as:

12 sss −=∆ (3.5)

Slope analysis allows relating brightness information for each tissue both in the T2 and the PD image.
From the direct analysis of MR images, experimental evidence arises that PD images exhibit strong
brightness variation between white matter and gray one: the former results darker while the latter is
brighter. On the contrary, white and gray matter are almost the same in T2 images, even if gray matter
is a little brighter.
On the basis of the values of the numeric indices described above the following decision algorithm has
been set up in order to merge the over-segmented clusters and to label the different tissues in the MR
slices.

Label the first cluster in the vector of adjacent clusters
( known cluster ) as WM

IF ( ( db  > 26 ) OR (cun < 10) OR (∆s > 15)  ) THEN
 Label the unknown cluster as GM

ELSE
IF  ( ( db < 10 )  OR (∆w > 17) OR (∆s < 0)  ) THEN
Label unknown cluster as WM
ELSE
    Split the unknown cluster into WM and GM
               (α )

s8

s9



In order to label other tissues we make use of our experimental knowledge about the results of the FCM
algorithm applied to all the images in the database. It is to be noted that CSF is always enclosed in a
single cluster, while sclerosis objects are grouped with the brain cortex or the CSF itself. Moreover,
CSF and brain cortex exhibit the higher brightness both in PD and T2 images, so they are always
located in the last two clusters obtained from FCM (cluster 8 and 9). In many cases, cluster 8
corresponds to brain cortex mixed with sclerosis (CS) while cluster 9 is representative of CSF, but they
can result occasionally swapped.
Tissue labeling is accomplished through a decision algorithm similar to algorithm α that makes again
use of numerical indices. Particularly, we have used slopes s8 and s9 of the segments connected to
cluster 8 and the difference of the PD signal computed in each cluster center with respect to the average
PD value of white matter:
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The use of white matter is due to the observation that CSF has a PD signal close to white matter itself,
while brain cortex signal is much higher. In this way it is always possible to determine the CSF as the
cluster with the lower ∆PD value.

The application of α and β algorithms allows us to reduce the original 10 clusters to only 6, each
representative of a particular tissue: the only exception is the CS class where are grouped brain cortex
and lesions. Figure 3.2 shows the result of FCM segmentation and re-clustering on a MR brain slice.

Fig. 3.2 Slice of image 2.1 re-clustered: the original ten classes are reduced
to only six; here are depicted even discarded tissues.

IF  (∆PD 9 ≤ ∆PD 8 ) OR (s9 ≤ 0) THEN  /*  CSF is located in cluster 9 */
   {{

IF  (-0.8 ≤ s9 ≤ 0) THEN /* CSF contains CS points */
     Label points in cluster 9 with ∆PD >60 as CS

Label points in cluster 9 with ∆PD ≤ 60 as CSF
ELSE

Label cluster 9 as CSF

Label cluster 8 as CS
        }}
ELSE     /*  CSF is located in cluster 8 */
       {{

   IF  ( 0 ≤ s9 ≤ 1) THEN            /* CSF contains CS points */
Label points in cluster 8 with ∆PD >60 as CS
Label points in cluster 8 with ∆PD ≤ 60 as CSF

  ELSE
Label cluster 8 as CSF

Label cluster 9 as CS
      }}

Label all the remaining clusters that are not WM as GM
   ( β )



4. Location of possible lesions
The algorithm to locate sclerosis objects is driven by clinical knowledge about this disease and
experimental observations on the lesions’ signal intensity in both PD and T2 images.
In detail, the whole procedure is based upon the following statements:

1. lesions have an almost rounded shape;
2. multiple sclerosis disease afflicts only white matter;
3. only some parts of the brain are affected by multiple sclerosis, particularly all the border areas

between white matter and CSF and between white and gray matter;
4. lesions’ signal is, in general, higher than other tissues both in PD and T2 images, but subtle

lesions can be confused with gray matter.

The use of suitable thresholds on signal intensity doesn’t suffice to the correct detection of all the
sclerosis objects, while a deeper analysis of the anatomical structure of the lesions provides more
satisfactory results. Using the first three above statements, we focused our search on the clusters that
are representative of white and gray matter and of CSF. In particular, for each re-clustered image, we
built three binary images:

• the image of the WM pixels (WM image);
• the image of the WM and GM pixels (WM+GM image);
• the image of WM, GM and CSF pixels (WM+GM+CSF image).

In these three images we searched for the “holes”, or better, all the simply connected background
regions (see fig. 4.1).

Fig. 4.1 from left to right: the re-clustered image, WM image, WM+GM
image and WM+GM+CSF image. Arrows indicate the position of some
lesions and the corresponding holes.

In all the observed slices, lesions are located in regions that correspond to holes in the images
previously described. All the three kinds of images have been processed in order to classify all the
potential sclerosis objects as small, medium or large. Five different labels have been derived for these
objects depending on their size and their location between or inside the WM, GM and CSF clusters. For
all the candidate objects a normalized value of surface SN is computed. First, the WM binary image is
processed with a simple 3x3-median filter in order to eliminate very small holes that are irrelevant for
our analysis. All candidates are found using an algorithm for searching simply connected background
regions and a new binary image is built where all the pixels belonging to the holes are set to 1, while
the rest is set to 0. All the objects whose SN value is under a suitable threshold are collected together
and labeled as Sw if they don’t contain pixels belonging to the CS class and Swc in the opposite case. We
have already noticed that, according to our experimental observations, most of sclerosis objects are in
the CS class. Thus Swc objects are more likely to be actual lesions than Sw ones and we’ll weight them
differently in the classification step.
All the remaining objects inside WM and made up by CS or CSF pixels are collected in a new binary
image and labeled as Bw because they are potential big lesions. These object are smaller than white
matter holes because of the presence of some gray matter pixels around them: these pixels can be
discarded because they are never part of a lesion. Again, we pick CSF and CS points because of the
experimental evidence that they contain sclerosis objects.
As regards holes in the WM+GM images the procedure is slightly different. In some cases, sclerosis
objects result linked with pixels belonging to CSF and brain cortex because of the fact that the lesion is
adjacent to these tissues. In this case, the regularization phase is accomplished using a 3x3-dilation
followed by a 3x3-erosion filter in order to divide abnormal holes. As in the previous case, only the
objects inside the holes and made by CS or CSF pixels are selected as the candidate sclerosis lesions
and are labeled as Bwg objects.



Finally the WM+GM+CSF images are analyzed because some lesions are placed near the ventricular
system: so they appear connected to the CSF points even if they don’t belong to CSF class. The image
is regularized using a 3x3 median filter, then all the holes are collected together and labeled as Bwgc.  At
this point all the candidate sclerosis objects have been selected from the re-clustered image and it is
possible to go on with the classification step in order to determine which objects are actual lesions and
which ones can be discarded.

5. Neural classification
The output of the potential sclerosis localization subsystem is a first labeling of the candidate objects
on the basis of their size and cluster membership.
In the classification step, we use medical knowledge about the sclerosis affliction, together with some
heuristics derived from our experimental investigations to obtain a set of measurable features
characterizing each object that can be processed by a neural architecture.
All the information can be expressed in terms of collection of position, shape and signal intensity
measures for each candidate object. The 16 measures we’ve used for classification are grouped in four
categories:

• surface measure and type label deriving from the locating step;
• differences between object mean and maximum brightness and WM or GM mean brightness

value in both T2 and PD images;
• shape measures: regularity coefficient and axes ratio;
• position measures: distances between the object center and the contour, the median axis or the

center of brain.

In what follows these measures are described in detail. The surface measure is taken as the value of SN ,
and it's re-scaled in [0,1]. Objects’ labels have been put in direct correspondence to suitable numerical
values in the range [0,1] with a 0.2 step. These values reflect the heuristic knowledge about lesions:
subtle lesions are more likely to contain points of the CS class (Swc > Sw). Large objects at the borders
between white and gray matter or between white matter and CSF are very likely to be lesions (highest
values for Bwg and Bwgc). Typically, large objects inside white matter (Bw label) are not sclerosis lesions:
in fact, the largest one is the region corresponding to the entire CSF.
For signal intensity features, we have derived eight different measures. At a first glance, the mean
value of one object’s signal intensity in both PD and T2 images could seem be sufficient to characterize
the object. Therefore, one might think that objects of the same class (that is with the same label) should
appear similar in different slices. On the contrary, we have experienced that the mean value of signal
intensity can be quite different from one image to another, depending on the nature and settings of the
digitizing equipment. Images can be obtained from the direct digital output of MR equipment, or from
the digital scanning of MR film. Even in the case of direct digital output, there may be little differences
in the intensity of the magnetic field from one MR device to another or from one test to another in the
same device.
On the other hand, differences in signal intensity between lesions and the other tissues are more stable
even if we compare MR slices acquired in distinct ways.
The previous considerations led us to take into consideration the following values:
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Here, the subscript m identifies the mean value, while the subscript M identifies the maximum value.
For each object, differences are computed between its mean or maximum value in a PD or T2 image
and the mean value of white or gray matter in the same image. These values can vary in the range [-
255,255].
The computation of shape features starts from the observation that an almost rounded shape
characterizes multiple sclerosis lesions: they’re regular and not too elongated. We derived two
coefficients, the regularity measure R and the axes ratio A defined as follows:
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Here SO is the object surface in pixels, while SR is the surface of the smallest rectangle enclosing the
object itself. In the second formula La is the length of the minor axis of the object, while LA is the
length of the major one. Higher R and A values indicate that the object shape is regular and not
elongated: they range in [0,100].
The last set of four measures is related to the object’s position inside the brain:

• distance from the center of the brain dc;
• distance from the major axis of the brain da;
• distance from the boundary of the brain area db;
• distance from the ventricular area or from the line separating brain hemispheres dv.

In order to obtain the values for dc and da, we consider the binary image made up by all the brain
tissues of interest that is white and gray matter, brain cortex, CSF and all candidate lesions. We
compute the position of the center of mass of this image and take this point as the geometrical center of
the brain, while the major axis will be the vertical line passing through it. The two Euclidean distances
are computed in pixels from the center of mass of each candidate object.
The computation of db and dv provides us with information about candidate objects position inside the
brain, with respect to the borders with CSF: we don’t take into account CSF because the sclerosis never
affects it. db gives us the distance to the border with the external CSF region, while dv is a measure of
the distance to the boundary of the ventricular area which is the most inner region containing CSF.
The whole set of measures derived so far constitutes a feature vector that fully describes a candidate
sclerosis object to the extent of classification.
The classifier has been set up as a multi-layer perceptron trained with the back-propagation algorithm.
The choice for this architecture follows from various considerations.
First, we have to represent the medical knowledge on the sclerosis affection. We have a series of
potential lesions together with a doctor assessment on each of them. It’s not so easy to derive a lesion
prototype because lesions can be small or very big, close to brain borders or nearer to CSF, some
lesions have strong brightness in both T2 and PD images, while others are more vivid only in T2
images. Only a doctor can actually evaluate them. So, we’re facing a learning-by-example problem
with a weak object prototyping.
Besides, we have made up a first trial classifier based on the maximization of a parametric cost
function:
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Here, x is the feature vector, the terms fj() represent some suitable input processing functions, while wi

and wij are tunable weights.
For area, label and brightness features we’ve adopted an input function of the form:
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Here mi is the mean value of xi over the whole training set, while k is a suitable constant. For the
distance features we adopted the Gaussian function whose mean value and standard deviation were
computed for each xi over the entire training set. There is no theoretical foundation for this choice,
except that we have found a relevant improvement in classification performance with respect to simply
summing up the inputs.
Experiments have been carried out on a set of 70 MR slices from eight patients. Using a training
database extracted from 50 image couples and made up by 4557 objects with 212 sclerosis lesions (as
they have been assessed by a doctor) we have obtained a satisfactory classification score (table 1). In
this former set-up, the weights were updated through a pseudo exhaustive search in order to maximize
C(x) to the value 100 for the sclerosis objects while forcing it to 0 for non-sclerosis objects. An object
was recognized as lesion if it scored more than 60.
The previous reasons led us to don’t take into account some classical connectionist classifiers such as
LVQ or SOM: the former because of prototyping weakness, and the latter because it performs an
unsupervised learning. Moreover the mathematical form of (5.3) is very close to the multi-layered
network architecture with linear activation functions in hidden and output units.



We tried several architectures with both one and two hidden layers. All the networks had sixteen input
units and one output unit, and were fully connected. All units used the logistic activation function
scaled in the range [0, 1]; activation near 1 stands for a lesion classification, while activation close to 0
indicates a non-lesion object. The threshold for classification was set experimentally at 0.25, the
learning rate was fixed to η = 0.1 and the networks were trained for 21000 iterations with the same
training set of the algorithmic classifier mentioned above. Tests were carried out using 20 image
couples not presented during the learning phase. The test set contains 1902 candidates and in particular
84 sclerosis lesions and 1818 non-sclerosis objects.
In figure 5.1 are depicted the learning curves for the various architectures. The first trial was a network
with only one hidden layer containing four neurons in order to follow the architecture of the
algorithmic classifier. As it can be noted from figures this network resulted in a very poor performance
with respect to the two hidden layers ones. For the other architectures we chose a first hidden layer
made up by sixteen units, while varying the number of the second hidden layer. While the networks
with the higher number of units in the second layer have a very good performance in learning the
training set, they exhibit an over-fitting of data in the test phase. On the contrary, the better trade off
between learning and testing was obtained using the network with only four hidden units in the second
hidden layer.
Table 1 reports the detail of training and test errors of the two classifiers, respectively for sclerosis
objects and non-sclerosis objects while figure 5.2 shows some experimental classification results.

Train Score Test Score
Quantity Percentage Quantity Percentage

Sclerosis 194/212 91.5% 76/84 90.4%
Non-Sclerosis 4338/4345 99.8% 1813/1818 99.7%
Total 4532/4557 99.5% 1889/1902 99.3%

Train Score Test Score
Quantity Percentage Quantity Percentage

Sclerosis 212/212 100% 79/84 94%
Non-Sclerosis 4345/4345 100% 1810/1818 99.6%
Total 4557/4557 100% 1889/1902 99.3%

Table 1 Classification score for the algorithmic (top) and neural (bottom)
classifier.

Early results are satisfactory: the percentage classification error is strongly enhanced with respect to the
non-neural classifier in both the training and test phase. Besides, the network has performed a correct
generalization. The lower percentage score for the sclerosis objects classification is due to the difficult
detection of the smallest lesions that are hard to discern from the rest of the image.

Fig. 5.1 Learning curves for the various neural networks we have tested.



Fig. 5.2 Experimental results: in all the four series the leftmost image is the
T2 image, next there is the PD image and the segmented one with the
sclerosis objects outlined as the brighter blobs.

6. Conclusions
We have presented a neural classification system able to locate multiple sclerosis lesions in MR slices
of the brain and to derive a numerical estimate of their position and shape.
The segmentation and classification algorithms presented in the paper have been specifically tailored to
the kind of images under consideration, that is PD and T2-weighted MR slices of the brain. Moreover
they are strongly grounded on the clinical knowledge about the problem faced with, that is the multiple
sclerosis disease. For example, the knowledge about the possible localization of lesions within brain
tissues has guided both the segmentation and the classification step.
However, the methodology we’ve developed is applicable to all classes of syndromes that need
investigation by means of medical imaging tests. In fact we can say that all clinical knowledge to assess
this kind of afflictions in a medical image, can be encoded in a set of measures regarding shape,
position, brightness and so on. These form a suitable basis for a connectionist classification.
The paradigm preprocessing-segmentation-classification can be enriched by a 3D-reconstruction step
able to provide a more detailed information to the clinician involved in the diagnosis process. From this
point of view, we are now extending the present work to the treatment of the entire brain volume.
Neural networks ensure an on-line performance not comparable with classical AI systems, which have
to derive inferences on a set of assertions regarding the pathology under investigation and need
complex formalisms to represent medical knowledge.



The design of a family of specialized tools, each aimed to evaluate data in order to discover a particular
disease, results quite simple and allows setting up multi-module concurrent systems providing the
clinician with several responses each with its different degree of confidence. The doctor can then assess
the more likely outputs in order to formulate the diagnosis.
Finally, the modular approach is to be preferred to the use of expert systems because the simplicity of
the knowledge representation paradigm allows the acquisition of information about new afflictions
without interfering with the existing one. On the other hand, to add new knowledge about an illness we
have to re-train the neural set-up.
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