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Computer image analysis of brain CT images for
discriminating hypodense cerebral lesions in children
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Abstract. A computer software system was designed for the automatic discrimination of
focal oedemas from local glioses in brain CT examinations. Image analysis methods were
applied to the images of 77 CT examinations of children with focal oedemas (42) or local
glioses (35). Textural features derived from the co-occurrence matrix of the lesion’s image
and a neural network classifier (the multilayer perceptron) were employed for the design
of the system. Best classification accuracy (89:6%) was achieved by two textural features
(contrast-difference entropy), one hidden layer and three hidden nodes of the classifier. The
proposed software system provides new textural information and may be of value to the
radiologist in differentiating focal oedemas from local glioses, especially in small lesions,
where other radiological criteria are not evident.
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1. Introduction

Focal oedema and local gliosis are the most frequent hypodense cerebral lesions
in brain CT examinations of children. In assessing the lesion’s nature [1,2], the
radiologist evaluates the clinical history of the patient and the specific characteristics
of the CT images. CT findings usually concern the regularity and sharpness of
the lesion’s margin and the effect on neighbouring brain parenchyma. However,
pictorial information related to the internal structure of the lesion is of poor
diagnostic value, since in most cases both focal oedemas and local glioses appear
homogeneous and have similar attenuation values.

Here, brain CT images of children with focal oedema or local gliosis were
processed employing image analysis methods. Only small lesions were considered,
since they are not easily differentiated by visual inspection. The aim was to analyse
the internal structure of the lesion in order to obtain information concerning its
nature. This textural information, together with a neural network classifier, was used
in the design of a software system for the automatic discrimination between focal
oedemas and local glioses.
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2. Material and methods

The study comprised 77 non-contrast-enhanced CT examinations of children
3-12 years old (51 boys, 26 girls) with focal oedema (42) or local gliosis (35) <2cm
in maximum cross-sectional diameter. Diagnosis was confirmed on the basis of the
patient’s history, clinical data, and CT follow-up examinations. All examinations
were performed on a Philips LX CT scanner, with 320 X 320 reconstruction matrix,
10mm slice thickness, 120kV, 150mA, and 2:9s scan time. No additional CT
sections were obtained for the purposes of this work.

In each examination the CT section through the maximum cross-sectional
diameter of the brain damage was selected; the CT density matrix of the
lesion’s central region (figure 1)—10 X 10 or 20 X 20 pixels depending on the size of
the damage—was transferred to a computer (AT, 486/33 Mhz) for further
processing.

2.1. Feature generation

From each CT density matrix 16 textural features were calculated. Four were
extracted from the lesion’s density histogram, which gives the frequency of density
values in the lesion’s image matrix: mean value, variance, skewness and kyrtosis. The
rest were computed from the co-occurrence matrix [3, 4], which is a two-dimensional
histogram describing the frequency with which two adjacent CT density values
occur in the lesion’s image matrix. The co-occurrrence matrix was calculated as the
mean of the values of the 0, 45, 90 and 135° co-occurrence matrices [3], with step
length of one pixel; the 12 co-occurrence features were computed as described by
Haralick et al. [3].

2.2. Feature reduction

The discriminatory ability of each of the 16 textural features was tested
employing Student’s ¢-test. Only the best discriminating features (p <0-001) were
selected, and were further employed in the design of the computer software for
discriminating oedemas from glioses (SDEG).

2.3. Classtfication

Classification was performed by means of the multilayer perceptron (MLP)
classifier [5, 6] (neural network). In each node of a hidden layer or output layer of
the MLP classifier (figure 2), the output y() of node J is related to its inputs by
relation (1):

1
) = 1
¥(7) 1+ exp (= SG)’ (1)
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S() = 2 v, ) 2)
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and w(i7,7) = connection weight between previous node i and current node o
¥(2) w(i,j) = weighted output of previous node 7, which is used as input to node j;
N = number of inputs to node j; and S(7) = sum of all weighed inputs y() w(t,7) of
the previous layer to node j. The connection weights (7, 7) between different layer
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(b)

Figure 1. Brain CT images of children with superimposed density matrix of (a) local gliosis and (&) focal
oedema.

nodes of the MLP classifier are calculated iteratively until they stabilize, by the
following equation:

w(i, )"t = w(,§)" + ad(j)y () + 2@, )" — w(@, )", (3)

where (n+ 1), n,(n— 1) =next, present, previous; a, z = constants; d(j) = error
between the desired #(j) and actual (j); and output of node 7, which for an output
layer node is given by equation (4)

d(j) = () — (v — (7)), (4)
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Figure 2. Multilayer perceptron classifier with one hidden layer and three hidden nodes.

and for a hidde_n layer node by equation (5)
d(7) = y(5)(1 - y(;‘)@ d(k)w(y, k), ()

where % is associated with all layers nodes to the right of the current node ;.
Classification performance was tested by the leave-one-out method [7], and for
all possible combinations of the textural features selected in the feature reduction
stage. The aim was to determine the optimum combination that achieves the highest
classification accuracy with the minimum number of features. Classification
performance was also tested for different numbers of hidden nodes and hidden
layers, in order to determine the best structural parameters of the MLP classifier.
Thus, the final SDEG system includes a section for the computation of the optimum
combination of textural features from the lesion’s CT density matrix and a section
for the classification of the lesion by the MLP classifier into oedema or gliosis.

3. Results

Best textural features, determined in the feature reduction stage (p <0-001),
were: variance, skewness, angular second moment, contrast, correlation, entropy,
sum entropy, difference variance, and difference entropy. These nine features were
used in combinations of 2, 3,4 ... , 9 as inputs to the SDEG system, and classification
accuracy was evaluated by means of the leave-one-out method., Highest accuracy
89:6% (table 1), was achieved by the contrast-difference entropy feature combi-
nation. The SDEG system discriminated correctly 29/35 (82-9%) focal glioses and
40/42 (95:2%) local oedemas. The same classification accuracy (89-6%) was also
found for combinations of three, four and five input features; these were
combinations of the contrast-difference entropy textural features with either one,
two or three of the following: difference variance, sum entropy, angular second
moment, correlation, entropy. Employing more than five features the classification
accuracy of the system decreased. Figure 3 (a) demonstrates the variation of SDEG
system performance in relation to the number of textural features.

System accuracy in relation to the number of hidden nodes or hidden layers of
the MLP classifier is demonstrated in figure 3(b) and (c), respectively. System
performance in relation to the number of passes over the MLP classifier’s training
set—including all lesion images minus one—is shown in figure 3(d).
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Table 1. Two-way truth table demonstrating SDEG system classification of 77 hypodense brain lesions
into focal Qedemas and local glioses.

System classification

Total  Percentage
Clinical diagnosis Oedemas  Glioses sums accuracy
Oedemas 40 2 42 95:2
Glioses 6 29 35 829
Overall accuracy 89-6

The optimal design parameters of the SDEG system were: contrast-difference
entropy input features and one hidden layer—three hidden nodes for the classifier
(table 2). Using learning rate a = 0-2 and step size 2 =07 in equation (3), maximum
accuracy was achieved after 350 passes over the training set of the MLP classifier.
Classification of a new lesion by the SDEG system, after input of its CT density
matrix, requires < 1s of computer processing time.

4. Discussion

Discrimination between focal oedema and local gliosis is possible by C'T when
the lesion is extensive; focal oedema is depicted as a space-occupying lesion, while
local gliosis is accompanied by signs of cerebral tissue loss and by regional widening
of the subarachnoid space. Yet these radiological findings are not clearly evident
when the damage is small. On the other hand, the lesion’s internal structure depicted
on CT usually does not provide diagnostic information, since both focal oedema and
local gliosis appear homogeneous and have similar mean attenuation values. By
re-scanning the damaged area with thinner CT sections and injecting contrast
material intravenously, one may improve the definition of the lesion’s margin.
However, the disadvantages associated with radiation exposure or iodine contrast
media administration in children should be taken into consideration. Here the
internal structure of these lesions was examined employing computer image analysis
methods and utilizing textural features, which are difficult to perceive visually.
Although image analysis methods have been employed in the diagnosis of breast
[8,9], liver [7,10], and lung [11] lesions, to our knowledge such methods have not
been used in the classification of brain damage by CT.

In the initial stage of the SDEG system design, nine features with high ability
in discriminating oedemas from glioses were selected. This reduction 1n feature
space dimensionality was important, since it is computationally cumbersome to test
system performance with all possible combinations of the 16 initially calculated
features. Highest classification accuracy was achieved by a two-feature combination,
while system performance did not improve by increasing the number of combined
features, probably because of feature intercorrelation. Contrast-difference entropy
was the optimum combination giving the highest discriminating power with the
minimum number of features. Contrast corresponds to the degree of local variations
in the CT density matrix of the lesion, while difference entropy, although 1t
quantifies image structural information, cannot be attributed to a specific textural
characteristic [3].

Highest classification accuracy was achieved by one hidden layer and three
hidden nodes in the MLP classifier. Using greater number of nodes and/or layers



D. Cavouras and P. Prassopoulos

% system classification accuracy

1007 _‘

89.6% 89.6% 89.6% 89.6%

907 + 2
\%4% 84.4% B84.4%
80% - \‘7{2%

T0% 4

60% T T T T T T T T
2 3 4 5 6 7 a 9

Number of features

(a)

% system classification accuracy

100%

957

89.6%  80.6%  B89.6%  B89.6% 89.6%

BO% 4 79.27%4 79.2%

70% T ] T T T T T
2 3 4 5 10 19 30

Number of hidden layer nodes

®)

% system classification accuracy
100% _‘

007 | 89.6%  89.6%

85% - 4% 84.4% B84.4% B44% B4.4%  B4.4%

79%

TO07% T T T T - T T T T
1 2 3 4 5 10 20 30

Number of hidden layers

(e)



Image analysis for brain lesion diagnosis by CT 19

% system classification accuracy
100% — —_

89.6% 89.6%

Q0%
af
84.4% B4.4% B4.4%
o |28 02 oz

T0%

60% T T T T T T J

I I T
10 20 30 40 50 60 340 3560 500

Number of passes over training set
(d)

Figure3. SDEG system performance in relation to the number of (a) textural features (one hidden layer,
three hidden layer nodes), (b) hidden nodes (two best features, one hidden layer node), (¢) hidden
layers (two best features, three hidden layer nodes), and (d) passes over the multilayer perception
training set (two best features, three hidden layer nodes).

Table 2. SDEG system design parameters.

Textural features:
n—1 N N
Contrast= > K] > > P(i,j) (1)
k=0 i=1 j=1
k=li-l
N-1
Difference entropy = — 2 P (i) log {Py— (1)}, (2)
i=0
where

N = number of grey levels
P(i,j) = (i,/)th entry of co-occurrence matrix. This corresponds to the mean number of occurrences
of i and j grey tones, one pixel apart, in the 0, 45, 90 and 135° directions.

N N
PosB=2 Y PUg) k=012 .., N=1 (3)
i=1 j=1
k=|!'J—J'|
Multilayer perceptron classifier:
Hidden layers: 1
Hidden layer nodes: 3

Weights between nodes: w(i,j), i is the previous layer node and j is the current layer node.

Input layer — Hidden layer:

w(l,1)=4929 w(2,1)= — 1-436

w(1,2) = 1-887 w(2,1)= —5-489

w(1,3)= —3-339 w(2,1) = 2-489

Hidden layer — Output layer:

w(1,1) = 6:060 w(2,1)=7-310 w(3,1)=
w(1,2) = — 6405 w(2,2)= — 6:694 w(3,2) = 3-462
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the classification accuracy did not improve, while system design complexity
increased. The advantage of incorporating more nodes than necessary in a neural
network classifier is to give a higher degree of system fault tolerance, in case some
hidden nodes fail to function [5].

In clinical practice, radiological discrimination between focal oedema and local
gliosis is based on the patient’s history and on CT signs concerning the lesion’s effect
on neighbouring brain parenchyma. Here discrimination is based on information
extracted from the lesion’s internal structure that cannot be obtained by visual
inspection. Thus, the proposed SDEG system offers additional information, which
may be valuable especially in cases of small brain lesions that cause minimal effect
to the surrounding parenchyma.

5. Conclusions

The application of image analysis methods to the CT image matrix of hypodense
cerebral lesions reveals textural information not evident by visual inspection. T'wo
textural features, extracted from the co-occurrence matrix of the lesion’s CT image,
and an efficient neural network classifier, forms a software system that automatically
distinguishes focal oedemas from local glioses with good accuracy. This information
can be used by the physician, together with other radiological criteria, in the
differential diagnosis between brain focal oedemas and local glioses. The proposed
system may be particularly useful in small cerebral lesions, where distinction
between these two types of brain damage is radiologically difficult.
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