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Abstract. In this paper we present the morphological operator pecstrum, or
pattern spectrum, as a feature extractor of discriminating characteristics in micro-
scopic leukocytes images for classification purposes. Pecstrum provides an excel-
lent quantitative analysis to model the morphological evolution of nuclei in blood
white cells, or leukocytes. According to their maturity stage, leukocytes have been
classified by medical experts in six categories, from myeloblast to polymorphonu-
clear corresponding to the youngest and oldest extremes, respectively. A feature
vector based on the pattern spectrum, normalized area, and nucleus - cytoplasm
area ratio, was tested using a multilayer perceptron neural network trained by
backpropagation, and a Support Vector Machine algorithm. Results from Euclid-
ean distance and k-nearest neighbor classifiers are also reported as reference for
comparison purposes. A recognition rate of 87% was obtained in the best case,
using 36 patterns for training and 18 for testing, with a three-fold validation
scheme. Additional experiments exploring larger databases are currently in
progress.

1 Introduction

The use of differential counting and assessment of blood white cells morphology
from bone marrow is an important source of data for clinical cytology in a wide
range of pathologies in the medical fields of oncology and hematology [1-3]. In
order to accomplish the analysis, an important attribute to consider in leukocytes
analysis is the age of the cell, which is strongly reflected in a morphological
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evolution of its nucleus and cytoplasm. Although the maturity of the cell is a con-
tinuous variable, white blood cells are classified into discrete classes. Because the
boundaries between classes are not well-defined, there are variations of counts
among experts performing the same task, or even variations of counts performed
by the same person on some samples in different moments.

The leukocyte differential counting consists of the quantification of the various
white blood cells populations present in peripheral blood. Even though they derive
from the same progenitor cell and interact with one another, each population can
be considered relatively independent in terms of maturation, function, and control
mechanism. The differential count has two main objectives, the search for quanti-
tative abnormalities in morphologically normal white blood cells populations
which requires high levels of precision and accuracy, and the search for morphol-
ogic abnormalities, i.e., the identification of immature or atypical cells for diag-
nostic or monitoring purposes, which requires a high level of clinical sensitivity.
The traditional microscopic method based on the count of 100 cells has three types
of error: statistical error, distributional error owing to unequal distribution of cells
in the smear, and error in identifying cells related to the subjective interpretation
of the examiner.

Cytology experts have identified six categories of this type of cells, according
to their maturity stage, that ordered from youngest to oldest are named: Mye-
loblast, promyelocyte, myelocyte, metamyelocyte, band, and polymorphonuclear
leukocytes [4,5]. Some typical examples of these categories are shown in figure 1,
where nucleus and cytoplasm of each cell can be easily distinguished. Myeloblast
is the earliest recognizable myeloid cell, and normally it has a large round to oval
nucleus. Promyelocyte is slightly larger than a myeloblast. Its nucleus, although
similar to a myeloblast, shows slight chromatin condensation and less prominent
nucleoli with respect to the size of the cytoplasm. Myelocytes are slightly smaller
than promyelocytes and have eccentric round-oval nuclei, often flattened along
one side. In a typical image of a myelocyte, the proportion of the area occupied by
the nucleus with respect to the cytoplasm is about 50-50 %. Metamyelocytes (10-
18u) are slightly smaller than myelocytes. They have kidney shaped indented nu-
clei and relatively dense chromatin, especially along the nuclear membrane. Bands
are usually characterized by a U-shaped or deeply indented nucleus. Opposite
sides or lobes are of roughly equal size or diameter, and there is no nuclear con-
striction greater than one half of the lobe diameter. Polymorphonuclear (PMN)
leukocytes or segmented neutrofiles are characterized by definite lobation with
thin thread-like filaments of chromatin joining the 2-5 lobes. From the previous
description of typical forms of leukocytes, we can notice that definition of charac-
teristics to discriminate among them is not straightforward, and it involves some
degree of subjectivity.

Currently, there are some specialized manufacturers which offer professional
equipments to perform hematologic analysis, such as Siemens ADVIA 2120,
Sysmex XE-2100, or Beckman Coulter LH 750, some of them based on multicolor
flow cytometry methods for the cell identification [6,7]. In this research we ex-
plore the use of mathematical morphology as a tool to create a feature extractor
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able to discriminate leukocytes through image processing techniques from micro-
scopic cell images using a personal computer.

The automatic identification of leukocytes according to their maturity stage
could be very useful in the construction of automatic systems for the classification
of different kinds of leukemia, differential counting of cells, and cytology applica-
tions. For this purpose, it is required to use a feature extractor able to represent
shapes and at the same time, be tolerant enough to variations among patterns due
to translations and rotation of the images. An additional problem associated to the
creation of automatic leukocyte recognizers is the lack of public databases of leu-
kocytes images to use for experimentation. The published research that we have
found related to this kind of problem is normally carried out using private data-
bases, which in many cases present an unbalanced number of images with respect
to classes, or have been digitized under very different conditions.

Some approaches have been recently reported for automatic image analysis ap-
plied to microscopic cell imagery. In [8] the authors present a methodology to
achieve a fully automated detection and classification of leukocytes based on mi-
croscope color images identifying the following classes: Basophil, Eosinophil,
Lymphocyte, Monocyte and Neutrophil. The classification process is carried out
using a parallel feed-forward neural network system. The feature vector is genera-
ted using the following information: Area, perimeter, convex area, solidity, major
axis length, orientation, filled area, eccentricity, ratio between the cell and nucleus
areas, the nucleus’ “rectangularity” (ratio between the perimeter of the tightest
bounding rectangle and the nucleus perimeter), the cell “circularity” (ratio betwe-
en the perimeter of the tightest bounding circle and the cell perimeter), the number
of lobes, and the solidity, area and mean gray-level intensity of the cytoplasm. In
[9] the authors present a combination of continuous wavelet transform and mo-
ment-based features, obtained from atomic force microscope data to represent
shape information of leukocyte and erythrocyte cells at multiple resolution levels.
The features are then used to discriminate between anucleate versus nucleate cell
types and to distinguish cells from a fibrous environment such as a tissue scaffold
or stint. The authors describe the features as invariant under operations of transla-
tion, rotation, and scaling.

In [10] the authors present a classification system based on mathematical mor-
phology to segment white blood cells. The features extracted from the segmented
images include the first and second granulometric moments of nucleus, cell area,
and the peak location of the morphological pattern spectrum. The classification is
carried out using the fuzzy C-means algorithm. Morphological operators have been
reported also for white blood cell segmentation into nucleus and cytoplasm, using
scale-space filtering, the watershed transform and granulometric analysis [11].

In this work we use the morphological operator pecstrum, or pattern spectrum,
as a feature extractor of discriminating characteristics in microscopic leukocytes
images for classification purposes. Pecstrum is shown to provide an excellent
quantitative analysis to model the morphological evolution of nuclei in blood
white cells, or leukocytes according to their maturity stage. A feature vector based
on the pattern spectrum, normalized area, and nucleus - cytoplasm area ratio, was
tested using a multilayer perceptron neural network trained by backpropagation,
and a Support Vector Machine algorithm.
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2 Image Morphology

Mathematical morphology aims to quantitatively describe operations effective for
the shape of objects in an image [12,13]. Operations are described by combina-
tions of a basic set of numerical manipulations between an image A and a small
object B, called a structuring element, which can be seen as a probe that scans the
image and modifies it according to some specified rule. The shape and size of B,
typically much smaller than the image A, together with the specific rule, define
the characteristics of the performed process.

Fig. 1. Maturity stages of white blood cells. (a) Myeloblast. (b) Promyelocyte. (c) Myelo-
cyte. (d) Metamyelocyte. (e) Band, (f) Polymorphonuclear leukocytes (PMN).

A very interesting morphological operator is the pattern spectrum or pecstrum.
This operator decomposes the target image in morphological components accord-
ing to the shape and size of the structuring element, providing a quantitative
analysis of the morphological content of the image. Pecstrum was originally de-
veloped and reported by Maragos and Pitas [14,15]. Although it presents excellent
properties as a shape extractor, with invariance to translation and rotation, pec-
strum has not been extensively used, probably because it results computationally
intensive in some applications, however, the available current hardware solutions
easily overcome this disadvantage. The pattern spectrum has been used in the last
years with several purposes: Analysis of partial discharges in high voltage systems
[16], texture analysis in several applications, such as images of debris particles in
polymers and composite materials [17,18], lip recognition [19], cytology of bone
marrow images for the counting of white blood cells based on morphological
granulometries [20], and feature extractor for hand-shape biometric applications
[21]. In this work we use the pattern spectrum as a feature extractor in order to
quantitatively represent the morphological evolution of the white blood cell, for
cytology purposes.
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2.1 Image Morphology Definitions

Binary mathematical morphology is based on two basic operators: Dilation, and
erosion. Both are defined in terms of the interaction of the original image A to be
processed, and the structuring element B. Next, both basic operators are defined.
Morphological dilation is defined as the set union of the objects A obtained after
the translation of the original image for each coordinate pixel b in the structuring
element B:

A®B=U,,T,(4) (1

Binary dilation can be interpreted as the combination of two sets by using the
vector additions of set elements, called the Minkowski Addition. This operation is
expressed as:

A(—BB:{rIr:a+b ‘v’eAandbeB} )

Morphological erosion is the morphological dual of the dilation. It is defined in
terms of the Minkowski substraction as:

A®B={rl (r+b)e AVbe B } 3)
This definition can be expressed in terms of set intersections as:
ABB =(,.;T.,(A) @)

An important operator, which is the backbone of the pattern spectrum, is the
opening morphological filter, defined as an erosion operation followed by a dila-
tion using the same structuring element. The opening operator is defined as:

AocB=(AOB)® B (5)

Dilation tries to undo erosion operation. However, some details closely related
with the shape and size of the structuring element will vanish. Furthermore, an
object disappearing as consequence of erosion cannot be recovered.

Closing morphological operator, which is the dual of the opening, is defined as
dilation followed by an erosion operation using the same structuring element:

AeB=(A®B) OB ©)

Opening and closing filters have been used as discriminators for filtering, seg-
mentation, edge detection, differential counting, or numerical analysis of shapes.

2.2 Morphological Pattern Spectrum

. . 2 .
Pecstrum, or pattern spectrum of a compact binary image A € R, relative to a

convex binary pattern B C R called the structuring element, is defined as the
differential size distribution function:
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P.(n.B)= dM (A onB)

, n=20 7
* dn @

where M represents the area measured in the intermediate operations, and nBis
the n-times dilated structuring element. Pecstrum has the property of invariance to
translation and rotation when B is an isotropic structuring element. Scale is deter-
mined by the size of the structuring element. The discrete version is given by:

M[AonB]-M[Ao(n+1)B]
M|A]

P(n,B) = )

Figure 2 shows the obtained pecstrum P(n) of a fractal image. It was calculated
using a structuring element formed by a small circle with an initial size and incre-
mental steps of 2 pixels.

Figure 3 shows the intermediate stages involved in the computation of the pat-
tern spectrum between consecutive opening filters with an incremental structuring
element according to the definition. The process concludes when the last image
vanishes completely. It can be noticed also that the level of details filtered in each
stage is closely related to the size of the structuring element.

Figure 4 shows the pattern spectra obtained from four ellipsoidal figures. It is
relevant to point out that the pattern spectrum is able to represent quantitatively
the geometric form when the horizontal axis of the ellipse increases. Given that
the structuring element used in this experiment is a circle, there is only one spec-
tral component when the two axes have the same length, i.e., when the input im-
age is a circle itself.
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Fig. 2. Pattern spectrum of a fractal binary image.
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As the horizontal axis increases some pattern spectral components arises, and
the larger component, which is related to the center of the image, decreases. In any
case the sum of all components always equals one, since the spectrum is normal-
ized according to the definition.
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Fig. 3. Results obtained from intermediate opening filters with an incremental structuring
element.
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Fig. 4. Pattern spectra obtained from four ellipses increasing the major axis Ax.
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Fig. 5. Pattern spectra obtained from four circles with different diameter D.

The principal component located in the position n=12, indicates that the central
part of the ellipses contains a circle of diameter D= 48 pixels. Figure 4 shows the
situation in which the major axis Dx of the four ellipses consecutively increases
while the minor axis remains without changes, and the result is reflected in the
distribution of component in the pattern spectrum. Furthermore, figure 5 shows
the case when the input image is a circle, and the diameter is increased with steps
of 12 pixels. In that case there is only one component in the pattern spectrum, and
the size is reflected in the position of the principal component. Some noise in the
remaining pattern spectral components due to the shape and size of the structuring
element can be distinguished.

These characteristics of the pattern spectrum clearly suggest the possibility of
using it as a mathematical tool oriented to describe quantitatively the morphology
of the white blood cells nuclei, which is the goal in the work presented in this

paper.



Neural Networks and SVM-Based Classification of Leukocytes 27

3 Composed Feature Vector

A composed feature vector based on the cell morphological information is pro-
posed as follows:

x={A, iR _:P(n,B)} (10)

where:
A, =Leukocyte normalized area

Rn . =Nucleus-cytoplasm ratio

P(n, B) = Pattern spectrum of the nucleus.

This vector contains information that in general human experts could consider to
classify a leukocyte: Shape of the nucleus, represented by the pecstrum P(n, B),
relationship among the area of the cytoplasm and the area of the nucleus, repre-

sented by R, and size of the cell, represented by A, . Figure 6-a shows an im-

age of a leukocyte, while figure 6-b shows the results obtained for the computation
of the composed feature vector described before. The segmented image is plotted
in the up-left part of figure 6-b. The obtained feature vector is plotted in the center
of the figure, and the corresponding values are:

x={A, iR P(n)} an
={0.2700, 0.2878, 0.2709, 0.6216, 0.0858, 0.0075, 0.0009,0.0,0.0}

4 Multilayer Perceptron

The neural network model used in this work was a feedforward multilayer percep-
tron (MLP) with three layers of neurons: The input layer with nine neurons corre-
sponding to the number of elements in the feature vectors, a hidden layer, and the
output layer with six neurons corresponding each to a leukocyte class. By experi-
mentation, FFNN architectures of (9-15-6) and (9-19-6) were found to fit best the
data. When a multilayer perceptron network has n input nodes, one hidden-layer
of m neurons, and two output neurons, the output of the network is given by [22]:

yi=1/i Zwki S Zwijj (12)
k=1 =

f.+ f;+ Activation functions of the hidden-layer and the output-layer neurons.
Wi » Wy; - Weights connected to the output layer and to the hidden layer.

X; : Input feature vector.
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Fig. 6. An example of feature vector extraction

All neurons used a sigmoid as an activation function, expressed as:

o
f(”)—m

u

13)

The feed forward multi-layer perceptron used in this work was trained using the
Levenberg-Marquardt back propagation algorithm [23]. The backpropagation al-
gorithm used in the training of multilayer perceptrons, is formulated as a non lin-
ear least-squares problem. Essentially, the Levenberg-Marquardt algorithm is a
least-squares estimation method based on the maximum neighborhood idea. Let

E(w) be an objective error function made up of m individual error terms el.2 (w) as

follows:

Ew =3 em=|fo] (11
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where
2 _ 2
e;W) =y, — )", (15)

Y, 1s the desired value of output neuron i, and Y; is the actual output of that

neuron. The aim of the Levenberg-Marquardt algorithm is to compute the weight
vector W such as E(w) is minimum. In each iteration the weight vector is up-

dated according to eq. (6):

W, =W, +ow, | (16)

where

Sw, =—(IT Fow)) Il + A1) a7

J « 1s the Jacobian of f evaluated at W, Ais the Marquardt parameter, and [ is

the identity matrix. The number of epochs in the training phase differs from one
example to another, however, the Levenberg-Marquardt back propagation algo-
rithm provided consistently a fast convergence.

Figure 7 shows an example of training performance obtained in one of the ex-
periments carried out with the data described in this work. It can be noticed that
the goal was achieved in 30 epochs.

Final training error = 0.00561622

g
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o

£

= R I R
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-
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10 0 5 10 15 20 25 30

Stop Training Epochs

Fig. 7. An example of training performance

5 Support Vector Machines (SVM)

SVMs have been proposed for pattern recognition in a wide range of applications
by its ability for learning from experimental data, and its effectiveness over some
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other conventional parametric classifiers. Briefly, SVM is a statistical learning
method based on a structural risk minimization procedure, which minimizes the
upper bound of the generalization errors consisting of the sum of training errors
and a confidence interval [24]. The original input space is transformed through a
non-linear feature mapping to a high dimensional feature space, where the data is
linearly separable by a hyperplane. The goal during the training process is to find
the separating hyperplane with the largest margin in the obtained hyperspace. The
transformation is performed using a non-linear function whose form is determined
by some kernel. There are three common kernels used for the non-linear feature
mapping: Polynomial, radial basis function, and sigmoid kernels. Linear hyper-
plane classifiers are based on the class of decision functions [25,26]:

y= sign((wrx) + b) (18)

The optimal hyperplane is defined as the one with the maximal margin of sepa-
ration between the wo classes. The solution of a constrained quadratic optimiza-
tion process can be expanded in terms of a subset of the training patterns called
support vectors that lie on the margin:

w= va. (19)

Thus the decision rule depends only on dot products between patterns:
N
y = sign th (x;-x)+b (20)
i=1

The above linear algorithm is performed in the new feature space obtained
through some non-linear transformation @ by using some of the described ker-
nels. The kernel is related to the @ function by:

K(x;,x) = o(x;)- ¢(x) Q1)

In this work the radial basis function (RBF) was used. RBF is defined as:

2
o fo

K(x;,x;)=e 22)
Classification of the test sample x is then performed by:
N
y = sign [z ov,K(x;,x) +bj ; (23)
i=1

where N is the number of training samples, V,is the class label, o; a Lagrangian

multiplier, the elements x; for which ;>0 are the support vectors, and K(x;x) is the
function kernel. In this work a Gaussian radial basis function was used.
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6 Experimental Description and Results

Input data was obtained from hand-segmented images of white blood cells in dif-
ferent maturity stages, some examples are shown in figure 8. Data set consists of
54 patterns corresponding to 7 artificial and 2 real images for each class. Artificial
images were needed due to the lack of a public database to carry out the experi-
ments. An artist generated the artificial segmented images hand-painting them in
black and white pixels, using Paint. Figure 8-a shows examples of segmented real
cells corresponding to each class, while figure 8-b shows examples of artificial
cells. In order to test the performance of the proposed feature vector we used 4
different classifiers based on Euclidean distance, K-nearest neighbor (KNN),
Feed-forward Neural Networks (FFNN) and Support Vector Machines (SVM)
respectively. All classifiers were built using Matlab V 7.0. The FFNN was trained
using the Matlab function “trainlm’, which implements the Levenberg-Marquardt
backpropagation training algorithm. SVM was extended to multi-class classifica-
tion using the method known as DAGSVM (Directed Acyclic Graph Support Vec-
tor Machine) [25]. Matlab function “svmtrain” was used as a nucleus for the im-
plementation of DAGSVM. The KNN was tested for k=1, 3 and 5. A statistical
analysis of the obtained feature vectors is shown in Table 1. The table is organized
by leukocyte type, showing means and variances of the feature characteristics for
each class obtained from the dataset described before.

@)
(b) ‘

Fig. 8. Examples of patterns for each class, from left to right: Myeloblast, promyelocyte,
myelocyte, metamyelocyte, band, and polymorphonuclear leukocytes (PMN). (a) Real im-
ages. (b) Artificial images.

It is interesting to analyze the plot of the mean feature vectors corresponding to
each class. Figure 9 shows the feature vectors ordered according to the cell matur-
ity stage from the youngest to the oldest. It can be noticed that the form of the fea-
ture vectors evolves by displacing the principal components to the right and
decreasing their value at the same time.
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Table 1. Mean and variance of composed feature vectors for the training data.

AL R, P(1) P2) PO P@4) PG5) P6) P
Leukocyte type:
Myeloblast:  Mean 0.1860 0.8347 0.8156 0.0726 0.0371 0.0124 0.0084 0.0074 0.0049
Variance 0.0203 0.0643 0.1005 0.0516 0.0162 0.0089 0.0062 0.0058 0.0031
Promyelocyte: Mean 0.2939  0.5075 0.841  0.0615 0.0361 0.0234 0.0114 0.0073  0.0046
Variance 0.0331 0.0029 0.0642 0.0158 0.0089 0.0183 0.0058 0.0046 0.0028
Myelocyte: Mean 0.2105 0.4984 0.9234 0.0336 0.0198 0.0091 0.0026 0.0026 0.0025
Variance 0.0321 0.0114 0.0254 0.0132 0.0049 0.0016 0.0018 0.0021 0.0003
Metamyelocyte: Mean 0.2048 0.4629 05170 03760 0.0678 0.0234 0.0070 0.0042  0.0026
Variance 0.0384 0.0136 0.0507 0.0751 0.0249 0.0035 0.0007 0.0008 0.0017
Band: Mean 0.2127 0.2028 0.5190 03510 0.1210 0.0088 0.0 0.0 0.0
Variance 0.0226  0.0047 0.1691 0.1063 0.0601 0.0026 00 0.0 0.0
PMN: Mean 01796 0.1736 0.3893 0.4186 0.1573 0.0346 0.0 0.0 0.0
Variance 0.0198 0.0447 0.0179 0.0099 0.0398 0.0119 00 0.0 0.0

B Class 1: Myeloblast

@ Class 2: Promyelocyte
m Class 3: Myelocyte

B Class 4: Metamyelocyte
B Class A: Band

O Class 6: PMN

Fig. 9. Mean feature vectors corresponding to the six leukocyte classes

Table 2. Three-fold cross validation

Classifier Classification
Rate
Euclidean Distance 77.7%
K-NN with K=1 70.4%
K-NN with K= 3 72.2%
K-NN with K= 5 70.4%
FFNN with 19 hidden nodes 87.6%
FENN with 14 hidden nodes 84.9%
DAGSVM 71.6%
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Three-fold cross validation was used to obtain the classification results shown
in Table 2. Best results were obtained by a FFNN with 19 hidden nodes. A similar
work reported a classification rate around 77%, [27] however, a fair comparison is
not possible due to differences in the databases used.

7 Conclusions

A composed feature vector based on morphological information for classification
of hand-segmented leukocytes images was presented. This feature vector was con-
structed with the morphological pecstrum as the central part, and some geometric
considerations. The composed feature vector shows very good attributes to reflect
the evolution in time of the white blood cells according to their maturity stage.
The proposed feature extraction was tested using 4 different classifiers based on
Euclidean distance, K-nearest neighbor (KNN), Feed-forward Neural Networks
(FFNN) and Support Vector Machines (SVM) respectively. Three-fold cross vali-
dation was used to get the classification rates for each classifier. The best result
was obtained by a FFNN with 19 hidden nodes, getting 87.6% of corrected classi-
fication. The reported work is part of an ongoing project on the cytology of human
bone marrow images. The tools described in this paper will be used as the base for
a second part in the project, oriented to the differential counting of white blood
cells, and its use in the diagnosis and follow up of several pathologies, under the
supervision of medical experts.
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