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Abstract— The evaluation of new therapies to treat allergic
asthma makes frequent use of histological studies. Some of
these studies are based on the microscope observation of
stained paraffin lung sections to quantify cellular infiltration,
an effect directly related to allergic processes. To our
knowledge, there is no software tool for doing this
quantification automatically nowadays. This paper presents a
method for the quantification of cellular infiltrate of lung
tissue images in a mouse model of allergic asthma. Each image
is divided into regions of equal size that are classified by means
of a segmentation algorithm based on texture analysis. The
classification uses three discriminant functions, built from
parameters derived from the histogram and the co-occurrence
matrix and calculated by performing an initial stepwise
discriminant analysis on 79 samples from a training set.
Results provide a correct classification of 96.8 % on an
independent test set of 251 samples labeled manually.

Index Terms— Asthma, automated microscopy, lung tissue,
co-occurrence matrix, image analysis, segmentation, texture.

1. INTRODUCTION

Asthma is a chronic inflammatory disease of the lung,
characterized by airway hyperresponsiveness to a variety of
stimuli, eosinophilic inflammation of the airways, mucus
hypersecretion, and elevated serum IgE levels [1]. Mortality
of asthma has increased worldwide, despite the use of
currently available medications, underlining the need for the
development of novel therapies [2-3]. Only classic
immunotherapy (vaccine with allergen based on olive
proteins - Olea europaea) has proven to have effect on the
allergic reaction mechanisms, although showing a limited
efficacy.

Research carried out by the Allergy Department of
Hospital Gregorio Maraiion studies the preventive effect on
allergic inflammation of the simultaneous administration of
immunostimulatory sequences of DNA
oligodeoxynucleotides (ISS-ODNs) together with olive
pollen proteins (Olea europaea) in a mouse model of allergic

asthma [4,5]. Results show that simultaneous administration
of ISS-ODN and olea prior to sensitization prevents the
development of an allergic phenotype in their mouse model
of bronchial asthma. Approaches of this type may provide a
novel strategy for the prevention of allergic diseases.

Three types of studies are commonly performed in this
type of experiments to assess the effects: immunologic
parameters (immunoglobulines and cytokines), pulmonary
function (bronchial hyperactivity) and histological studies
(cellular infiltrate and bronchial mucus secretion). The latter
are assessed nowadays by visual inspection by an expert, as
there is no automatic analysis tool available. Such a tool
would speed up the process, also providing a more
repeatable quantification.

In order to quantify the histological studies it is necessary
to segment the image so that the infiltration area can be
identified [6-11]. This could be done by trying to identify
each nucleus of an infiltrating cell, as they are clearly
identified in the blue component of the color image. This
method is not recommended considering that cells in
bronchial wall are stained the same way and have the same
size as infiltrate cells and that cell aggregation may hide
edges between cells.

It can be seen, however, that the infiltrate area has a
texture pattern different from other regions in the image.
This leads us to apply region identification based on texture
analysis [12].

This paper presents a method for automatic quantification
of cellular infiltrate in this kind of histological studies.

II. MATERIALS AND METHODS

Segmentation is performed by classifying each region of
the image into one of three a priori classes, on the basis of a
vector of texture parameters. The optimal texture parameters
were obtained from the luminance component of the images
in a training data set by means of stepwise discriminant
analysis that also provided the corresponding discriminant
(Fisher) functions.
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A. Sample preparation and working dataset

For histological analysis, lungs are fixed in 4%
paraformaldehyde-PBS and tissue blocks are embedded in
paraffin. Ten-um sections are stained with hematoxilyn and
eosin (H&E) [5]. Images are acquired with an Olimpus
IX70 microscope at 10x magnification, and captured with a
Sony DXC 151P color CCD camera. Images of size
1712x1368 are transferred to a PC for analysis.

To assess the potential of texture analysis approach, we
made a first attempt defining five classes matching the
number of found tissue types by examining the images (Fig.
1).
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Fig. 1. Five textures identified in lung studies images.

We obtained 330 samples from 9 images with different
percentages of infiltrate area to build the working dataset:
79 samples used for training and 251 samples for testing the
classifier. Each of these samples was manually classified by
an expert.

Texture features extraction is done over the luminance
component as it has the most representative information for
the textures selected. A median filter with a 7-point mask is
applied to eliminate impulsive noise. Sample size (denoted
as “analysis window”) was set to 85x85 pixel (1/20 of the
image), which appeared to be enough to separate alveoli
from bronchial light (the most critical issue for a small
sample size) while allowing a reduction in processing time
and a gain of accuracy in segmentation.

B. Texture parameters

Texture parameters used in this application can be
classified into first-order statistics, computed from the
normalized histogram, and second-order statistics, computed
using the Gray Level Coocurrence matrix (GLCM) [13, 14].

The normalized histogram is the probability density
function for the grey levels of a specific region. If we denote
by p(z;) the probability of each grey value z;, the following
parameters can be defined:
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The histogram considers the grey level of each pixel
separately and no spatial information is conveyed in these
parameters. To incorporate spatial distribution of the grey
levels we make use of the grey-level co-occurrence matrix
(GLCM). Any GLCM celement Pgy(i,j) reflects the
distribution of the probability of occurrence of a pair of grey
levels (i,j) separated by a given distance d. The GLCM is
computed by mapping the grey-level co-occurrence
probabilities based on spatial relations of pixels in different
angular directions 0.

As with the histogram, a normalized version of the co-
occurrence matrix can be computed, dividing each element
by the total number of neighbors for each d and 6. These
values depend on the texture. From the co-occurrence
matrix, the following parameters were derived:
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In these expressions, N is the number of grey levels, z; are
the different grey levels, p(z;,z) is the value of the GLCM at
point (i,j), pyx and p, are the mean values of GLCM values
accumulated in the x and y directions and ., is the mean
value of the distribution p,,. To improve computation
speed, advantage can be taken from the fact that the co-
occurrence matrix is symmetric. On the other side, the size
of the GLCM depends on the grey level resolution of the

image. Texture parameters have shown to be reasonably
invariant to grey-level quantization. In this work, images
were quantized to 4 bits/pixel before the matrix was
calculated, to increase computational speed, and GLCM was
computed ford=1, 2, 3,4, 5 and 6 = 0°, 45°, 90°, 135°.

C. Training: discriminant analysis

Texture parameters have been extracted using MaZda, a
software tool developed at the Institute of Electronics,
Technical University of Lodz, Poland [15]. As a result, we
obtained 229 parameters (9 from the normalized histogram
and 220 of the 20 coocurrence matrix computed) for each
sample. The final result for the 79 samples was a table of
79x%229 parameter values. Given this amount of data, a
reduction of dimensionality of the features vector was clearly
advisable.

This reduction was made by means of a feature selection
of the most discriminant ones with a stepwise method based
on Fisher criterion. At each step, the feature that better
contributed to class separation, following the criterion of
maximization of the change in Wilk’s Lambda, was
included [16]. An inclusion condition, based on an F-test,
was used to evaluate if the change in discrimination was
significant. The F-to-enter and F-to-remove values used
were 3.84 and 2.71, respectively. This analysis was
performed with SPSS for Windows, Rel. 11.5.1. (SPSS Inc.,
Chicago).

D. Reduction of the number of classes

Resulting clusters for the five classes defined as a
function of the two main functions are presented in Fig. 2. It
can be noticed that there are three main groups, what
suggests a possible clustering regrouping. Provided that the
target is just the infiltrate area, it is not necessary to identify
separately all the five classes.

As a result of this preliminary study, we decided to
reduce the number of classes to three: cellular infiltrate,
light and other tissues (blood vessels, alveoli, bronchial
walls).
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Fig. 2. Five textures identified in lung studies images
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Samples from the classes in the ‘other tissues’ class
where re-labeled and discriminant analysis was repeated.
Stepwise discriminant analysis resulted in the selection of
12 parameters (Table I). Resulting clusters are shown in Fig.
3.

E. Classification tool

A classification tool was implemented following a
procedure similar to the one described in [17]. This tool
tessellates the images, calculates texture parameters for each
region and applies the discriminant functions obtained in the
training phase. Images are divided into regions of size
55x55 pixels, denoted as ‘classification window’. Each
region is assigned to a class on the basis of texture
parameters computed on the previously defined region of
85x85 pixels, denoted as ‘analysis window’.

A tissue area mask is generated by thresholding the hue
component of the image. Final result is expressed as the
percentage of cellular infiltrate area in the total tissue area.

F. Validation

A leave-one-out method was used to obtain an initial
estimate of the correct classification rate. This method
involves leaving out each case in turn, calculating the
function based on the remaining cases, and then classifying
the left-out case. A more accurate estimate of the correct
classification rate was derived by classifying a test set of
251 samples not included in the training set.

III. RESULTS

Stepwise discriminant analysis on the data obtained with
MaZda resulted in the selection of 12 parameters. Parameter
names and their weighting coefficients for the three linear
discriminant functions are shown in Table I. Resulting
clusters as a function of the two main characteristics
selected are presented in Fig. 3.

The leave-one-out method yielded a classification success
rate of 97,5 % on the training set. Results on the test set
(251 samples) showed a 96,8 % of classification success.
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Fig. 3. Clusters obtained for 79 samples.

TABLEI
COEFICIENTS FOR THE THREE LINEAR FISHER FUNCTIONS

Infiltrates Light Others
Percentile 01% 14.812 16.323 15.033
Percentile 90% -9.592 -9.770 -9.048
Percentile 99% -1.371 -2.426 -2.145
AngMom(1,0) 3360.578 3797.413 3531.605
DifEntrop(1,0) 11601.510 11928.582 11897.886
Correlation(0,1) -475.031 -320.065 -482.230
Correlation(1,1) 277.963 72.031 268.837
SumEntrop(1,-1) 9.493 10.974 9.317
InvDfMom(2,0) 9546.252 9880.968 9970.419
AngMom(5,0) -3002.056 -2963.440 -3390.924
SumEntrop(5,5) 4303.205 4736.825 4448.329
AngMom(5,-5) 3889.051 3851.420 4209.196
(Constant) -6994.747 -7742.933 -7494.682

The tool has been tested on an Intel Pentium, 3Ghz with
IGB RAM. For images of size 1712x1368, average
classification time is about 76 seconds, 65 % of the time
dedicated to the computation of the co-ocurrence matrix. An
example of the result obtained is shown in Fig. 4.

Fig. 4. Original image and segmentation result; black pixels define
infiltration area.

IV. DISCUSSION

This work presents an approximation to the automatic
quantification of microscopy images of histological lung
studies. These studies, relevant for research in allergic
asthma and other pulmonary diseases, are currently
performed by simple visual inspection of the images.
Classification results are promising (96.8 hits) in a
reasonable time (76 secs. for images of size 1712x1368). A
further validation of the quantification tool in terms of
results for complete images compared to those obtained
from observation by an expert seems advisable.

In the present study, both the ‘analysis window’ and
‘classification window’ were of a fixed size, determined
empirically. ‘Analysis window’ must be large enough to
have a sufficient number of pixels for parameter computing.
The size of the ‘classification window’ determines the
resolution of the classification. Using a smaller
‘classification window’ increases the resolution (minimizing
partial volume effect) but also the computational cost.
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The method uses only histogram and grey-level co-
occurrence matrix parameters.

Regarding processing time, the slowest stage in the
quantification process is the texture feature extraction
algorithm. Although no attempt was made to speed up the
algorithms, the processing time would only be a concern if
the study subject included a high number of images.

On the other hand, we derived discriminant functions
from 12 parameters, which might be too many. A study of
the marginal discrimination power provided by the
additional parameters would be advisable.

The system developed could be used to segment other
histological studies, although the parameter selection and
discriminant function calculation would have to be repeated
for the new image types.

A reliable and easy to implement method has been
developed, providing an automatic way of quantifying
microscopy images of lung histological studies. Preliminary
results show similar accuracy to that provided by an expert,
while allowing analyzing a much larger number of fields in
a repeatable way.
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