
Summary. An unsupervised method for megakaryocyte
detection and analysis is proposed, in order to validate
supplementary tools which can be of help in supporting
the pathologist in the classification of Philadelphia
negative chronic myeloproliferative disorders with
thrombocytosis. The experiment was conducted on high
power magnification photomicrographs taken from
hematoxylin-and-eosin 3 µm thick sections of formalin
fixed, paraffin embedded bone marrow biopsies from
patients with reactive thrombocytosis or chronic
myeloproliferative disorders.

Each megakaryocyte has been isolated in the photos
through an image segmentation process, mainly based on
mathematical morphology and wavelet analysis. A set of
features (e.g. area, perimeter and fractal dimension of
the cell and its nucleus, shape complexity via elliptic
Fourier transform, and so on) is used to characterize the
disorders and discriminate between essential
thrombocythemia and idiopathic myelofibrosis. Features
related to the general contour of the cell like cytoplasmic
area and perimeter are good markers in distinguishing
between normal or reactive and pathologic
megakaryocytes while nuclear features and global
circularity are helpful in the differential diagnosis
between ET and prefibrotic IMF. The method proposed
should be considered as a fast preprocessing tool for the
diagnostic phase and its use can be extended to solve
different object recognition problems.
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Introduction

Philadelphia-negative (Ph-) chronic myelo-
proliferative disorders CMPDs are hematopoietic stem-
cell disorders which include three main pathological
entities namely polycythemia rubra vera (PV), essential
thrombocythemia (ET) and idiopathic myelofibrosis
(IMF) (Thiele et al., 2001a). In the overt phase of the
pathologic processes these diseases show a wide and
well-differentiated spectrum of clinical and laboratory
features which parallels the different involvement of the
three myeloid series into proliferation (Michiels and
Thiele, 2002). By contrast, similar and sometimes
overlapping clinical pictures can be observed in the early
phases of these disorders (Thiele and Kvasnicka, 2003a;
Thiele et al., 2005a). Frequently, the presence of a
persistent increase of platelet count can be the only sign
of an underlying myeloproliferative process (Schafer,
2004). In these cases bone marrow histopathology can
be necessary for discriminating different disorders,
usually ET from early prefibrotic thrombocythemic IMF,
as well as to define the correct prognostic behavior and
the most appropriate therapeutic strategies (Thiele et al.,
2000, 2002). Recently, immunohistochemistry proved to
be a supplementary tool useful in difficult cases and able
to add information concerning microvessel density and
presence of CD34+ cells (Mesa et al., 2002; Kvasnicka et
al., 2004; Thiele et al., 2005b). Due to the different
morphologic cytoplasmic and nuclear features of
megakaryocytes (MKCs) which characterize the various
disorders, morphometric analysis should be taken into
consideration as it makes possible the quantitative
evaluation of these qualitative data and provides a valid
basis for computer-based detection and differentiation
tasks (Thiele et al., 1999a). In the present study an
unsupervised method for megakaryocyte detection and
analysis is proposed which can be of help in supporting
the pathologist in the classification of Ph- CMPDs with
thrombocytosis.

Megakaryocytic features useful for the 
diagnosis of myeloproliferative disorders can 
be obtained by a novel unsupervised software analysis
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Materials and methods

Bone marrow trephine biopsies (BMBs) from
patients diagnosed with ET (19 cases) and IMF (15
cases), and BMBs from patients with reactive
thrombocytosis (18 cases) were retrospectively selected
from the archives of the Institute of Pathology,
University of Palermo, and Department of
Pathomorphology, Collegium Medicum, Jagellonian
University, Krakow. All the BMBs had been performed
on diagnosis, before any treatment was started, and
classified according to the WHO classification criteria.
The experiment was conducted on high power
magnification (x400) photomicrographs (577x763
pixels) taken from hematoxylin-and-eosin 3µm thick
sections of formalin fixed, paraffin embedded BMBs.
The digital images were collected under a Leica Leitz
DMRB microscope with a Leica PL Fluotar 40x0.70
lens, acquired by a Leica DFC 320 digital camera and
processed by a proprietary software developed in
MatLab (http://www.mathworks.com). At present our
image database contains 102 normal megakaryocytes,
104 ET and 91 IMF cells.

Morphometry gives quantitative measurements of
structures with different levels of detail (Ohshima et al.,
1995). Starting from the segmented photos we extracted
11 features to describe each megakaryocyte (Table 1)
(Beksaç et al., 1997; Coelho et al., 2002). In particular,
we computed the area, the perimeter and the fractal
dimension of both the whole cell (f1, f2 and f3=f1/f2respectively) and its nucleus (f4, f5 and f6=f4/f5). The areaf7 of the convex hull (i.e. the smallest convex polygonthat contains the cell) led to the solidity value f8=f1/f7.The eccentricity of the ellipsis which approximates the
shape of the cell was stored in f9. The comparisonbetween the areas of the cell and of its nucleus was
considered by the ratio f10=f4/f1. Lastly, the differencebetween the contour of the cell and its reconstructed one,
obtained by the inverse elliptic Fourier transform with
50 harmonics, was represented by f11. Therefore, thecomplexity of the contour of the cell was measured by f3and f11, as well as the nucleus by f6, while f8 and f9regarded the global circularity of the cell.

The whole set of such features constituted a
distinctive signature of each cell, with 11 floating point
values opportunely normalized in [0,1]. This vector can
be considered as the cell’s coordinates in the 11-
dimensional space (Altman, 1999). In order to assign a
given cell to its own class, we simply calculated the
Euclidean distance in this space between this cell and its
three nearest neighbors already classified. The
assignment is therefore carried out through a voting
strategy among these neighbors. The classifier was a
regression tree procedure applied two times: the former
to characterize the set of normal megakaryocytes, the
latter to distinguish between essential thrombocythemia
and idiopathic myelofibrosis.

We noticed that a few features proved better than
others when discriminating between pathological and

normal megakaryocytes rather than essential
thrombocythemia and idiopathic myelofibrosis. In order
to verify this, we tested all possible combinations,
ranging from just one feature each time to eleven
features all together.
Image segmentation

Different steps were required to discriminate the
megakaryocytes. A candidate cell had to be located in
each given photomicrograph. This phase is called image
segmentation since it isolates the cytoplasm and its
nucleus. The resulting information was used in the
subsequent extraction of the features which return a
distinctive signature of each cell. The actual classifier
was a regression tree procedure applied on the set of
these signatures.
Preprocessing

As images varied greatly in hue/saturation, a
normalization was needed. Though the hematoxylin
stain is generally lightly purple, we noticed that it was
better to convert the images in the grey level space. In
our case no information seemed to come from the true
color space. In particular, the green and blue histograms
of the cytoplasm and of the nucleus were usually
overlapped, while the red histogram alone missed some
details. Anyway, we carried out a statistical examination
of these histograms in order to normalize the images by
matching each photo against a representative one.

A technique was developed to divide a given image
into three sets of pixels: the cytoplasm, the nucleus and
the remaining background. Starting from their typical
average grey values, we repeatedly applied a nearest
neighbor segmentation on the histogram of the whole
image to obtain two stable threshold values τ1 and τ2.
This approach usually converged quickly and allowed a
rough representation of the cells. Indeed, a
morphometric study was needed to correctly refine their
shapes.
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Table 1. The features that characterize each segmented photo.

f1 cell area
f2 cell perimeter
f3 cell fractal dimension 
f4 nucleus area
f5 nucleus perimeter
f6 nucleus fractal dimension
f7 convex hull area
f8 solidity measure
f9 ellipsis eccentricity
f10 cell/nucleus ratio
f11 elliptic Fourier measure



Morphological segmentation

Mathematical morphology is a branch of digital
image analysis which uses concepts of algebra and
geometry (Soille, 2003). Its theoretical foundations have
been well established and we are going to recall just the
standard terminology. The morphological part of the
segmentation process can be sketched by the following
sequence of main operations described in Appendix A
(Fig. 1).
Wavelets segmentation

The shape of the cell so far obtained was normally
well defined, but sometimes we had to improve the edge
of the nuclei. The aim of the wavelet transform was the
highlighting of structures with different sizes. The
underlying theory is simple and the whole process is

very fast: the wavelet transform maps the input signal to
its coefficients with respect to a basis of wavelet
functions, constructed by dilation and translation of
another function, called mother wavelet (Grossmann and
Morlet, 1984). Different wavelet families make different
trade-offs between how compactly the basis functions
are localized in space and how smooth they are.

We compared a few discrete implementations for
wavelet analysis in order to choose the most appropriate
one for our task (Mallat, 1989; Chui, 1992; Daubechies,
1992; Shensa, 1992; Graps, 1995; Cohen and Kovasevic,
1996). We experimentally preferred the à trous
algorithm which can be seen as a pipeline of isotropic
low-pass and high-pass convolution filters (also known
as filter bank) (Holschneider et al., 1988). A brief
description of this method is given in Appendix B while
an example of wavelets to enhance the shape of the
nucleus is shown in Fig. 2.
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Fig. 1. The segmentation process through mathematical morphology applied to a pathological megakaryocyte (a-h). All naked nuclei have been
correctly eliminated (f). Letters refer to the steps described in the algorithm. a. enhance the contrast of the dilated grey level image; b. create a mask
Icyto for the cytoplasm by thresholding the bigger bright areas; c. find a mask Icell for the cells by adding the nucleus to the cytoplasm; d. the brighter
zones within the cell should belong to the cytoplasm; e. the mask Inucl of the nucleus lies inside the cell; f. remove all possible naked nuclei; g. eliminate
spurs and smooth the contour of the cell; h.  get the cell closer to the center of the photo.



Elliptic Fourier descriptors

Due to the discrete lattice, any closed curve can be
described as a finite sequence of k points with
coordinates (xi, yi). The main goal of the elliptic Fourieranalysis is to approximate a closed contour as the sum of
elliptic harmonics (Kuhl and Giardina, 1982).

This process can be easily inverted to obtain k new
points (Xi, Yi) which should approximate the originalcontour. Especially for complex contours it is usually
necessary to calculate many harmonics to get an accurate
enough approximation. Fig. 3 shows an example of
elliptic Fourier reconstruction of the contour of a
megakaryocyte, by using a variety of harmonics. A
slightly formal introduction to the elliptic Fourier
transform is in Appendix C.

Results

MKC morphology was normal or well-preserved in
reactive conditions, in which MKCs showed round-to-
oval shape, normal size of the cytoplasm and multi-
lobulated nucleus. In cases of CMPDs, the MKCs often
appeared enlarged in size, with over-abundant
cytoplasm, irregular shape, and hypo- or hyper-lobulated
nucleus. Fig. 4 shows a few examples of cell
segmentation.

The confusion matrices relating to the best
combination of features, expressed in terms of
percentage in Table 2, show that the features {f1, f2, f11}are suitable for discriminating between pathological and
normal megakaryocytes with a sensitivity equal to
Se=0.9848 and a specificity equal to Sp=0.9695, while
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Fig. 2. The nucleus already obtained by mathematical morphology (a) is completed by the result of the wavelet analysis (b). The contour of the
enhanced nucleus (c) has been superimposed on the input image (d).

Fig. 3. Reconstruction of the contour of the cell by the inverse elliptic fourier transform. Many harmonics are necessary to get fine details. In this
example we have computed 1 (a), 7 (b), 15 (c) and 50 (d) harmonics.



features {f2, f3, f6, f8, f9, f10, f11} are appropriate fordiscriminating between the cases of essential
thrombocythemia and idiopathic myelofibrosis with
sensitivities equal to SET=0.8820 and to SIMF=0.9023. Inorder to validate the correctness of the new classifier, its
output was compared with the morphological photo-
interpretation provided by the pathologists for the whole
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Fig. 4. Examples of segmentation in the cases of essential thrombocythemia (a-d), idiopathic myelofibrosis (e-h) and normal megakaryocytes (i-l).

Table 2. Optimal confusion matrices obtained with features {f1, f2, f11}
for pathological and normal megakaryocytes (left) and with features {f2,
f3, f8, f9, f6, f10, f11} for essential thrombocythemia and idiopathic
myelofibrosis (right).



database. The software considered each given cell as
unclassified and then classified it by comparing its
features with those of the remaining cells. This process
was repeated for every single cell and therefore the
results have to be considered on average.

The results so far obtained are encouraging.
Nevertheless we are going to enhance the performance
of the classifier via an improved segmentation procedure
and different clustering algorithms
Discussion

The diagnosis of chronic myeloproliferative
disorders requires a multidisciplinary approach which
includes bone marrow biopsy evaluation (Thiele et al.,
2000; Kreft et al., 2005). Morphological features play an
essential role not only in making a diagnosis but also in
identifying risk groups and assessing prognostic factors
(Chait et al., 2005). A challenging point is the
discrimination between the thrombocythemic prefibrotic
phase of chronic idiopathic myelofibrosis (CIMF) and
other disorders with thrombocythemia (PV and ET) as
these conditions are characterized by a different
evolution in terms of complications like venous
thrombosis, development of fibrosis and leukemic
transformation and therefore require different therapeutic
approaches (Thiele et al., 1996, 2001b; Harrison et al.,
2005). In CMPDs high platelet counts in the peripheral
blood are sustained by the increase in megakaryopoiesis.
The proliferative “stress” seems to be often moderate
and ever counterbalanced by the maturation of the
megakaryocytes (Thiele et al., 1999a). This is well
proved by the morphological and morphometric
evaluation of megakaryocytes and by the
immunohistochemical analysis of the bone marrow
parenchyma. Immunohistochemical evaluation of BMBs
in CMPDs has assumed an ever-increasing value in the
differentiation of “borderline” cases in which
morphology alone is not sufficient to achieve a diagnosis
(Florena et al., 2004). Evaluation of the
neoangiogenesis, overall microvessel density and
distribution of CD34+ cells may add a valuable amount
of information concerning the status of the
hematopoietic parenchyma (Mesa et al., 2000; Thiele et
al., 1999b, 2001b; Thiele and Kvasnicka, 2003b).
Among the histologic criteria, megakaryocyte
morphologic features like number, size and form proved
to be the most crucial point able to distinguish the
different Ph- CMPDs. Multiple parameters can be easily
assessed by the evaluation of standard hematoxylin-
eosin sections which can be useful in achieving the
correct diagnosis of CMPD. In ET the bone marrow
parenchyma often appears normocellular with no left-
shifting of the myeloid and erythroid cell lines. MKCs in
ET are single or loosely clustered large to giant mature
cells with deeply lobulated staghorn-like nuclei while
PV shows pleomorphous MKCs and in prefibrotic CIMF
more frequent clusters of abnormal MKCs of different
size with abnormal maturation and hypo-lobulated

cloud-like nuclei are characteristic (Thiele et al., 1999c).
In a recent study, the determination of the clustering
index (i.e. the tendency of megakaryocytes to form
clusters) was found to be low in ET while it was higher
in CIMF increasing along with progression of fibrosis
(Florena et al., 2004).

Mathematical morphology is widely used to extract
or suppress image structures with apriori known shape,
size and orientation and to achieve a variety of
processing tasks. This approach is well known and
robust, but usually sensitive to the change of luminosity.
Therefore a preprocessing phase was necessary to
normalize the hue/saturation of the photomicrographs
via an extensive statistical examination of the database.
Though the shape of the cell so obtained was normally
well defined, we applied a wavelet transform to further
improve the contour of the nucleus. Wavelets provide an
alternative approach, which can be thought of as a
generalization of the Gabor transform, to signal
processing and constitute a link between mathematics,
physics and electrical engineering. Among several
discrete implementations for wavelet analysis, we chose
the à trous algorithm which can be seen as a filter bank
process. The efficiency of the classifier has been verified
with a set of different features which describe each
megakaryocyte. The elliptic Fourier transform was used
to estimate the complexity of the contour of the cell
(Nafe et al., 1992). In particular, we experimentally
verified that two sets of such features are better than
others when discriminating between pathological and
normal megakaryocytes rather than essential
thrombocythemia and idiopathic myelofibrosis.

We decided to analyze morphometrically
cytoplasmic and nuclear features like size and shape
proving experimentally that it is possible to successfully
classify particular classes of human megakaryocytes by
using morphometric information. According to
morphology, normal or reactive megakaryocytes are
normal-sized cells with lobulated nuclei and no gross
cytological abnormalities; on the other hand,
megakaryocytes in ET are large to giant cells with
deeply lobulated staghorn nuclei. Morphometric data
reflect well these morphological findings and,
summarizing, features related to the general contour of
the cell like cytoplasmic area and perimeter and
difference between the contour of the cell and its
reconstructed one are able to discriminate between
normal or reactive MKCs and pathological ones, while
for the differential diagnosis of ET and IMF nuclear
features as well as cell global circularity are better
indicators. The results so far obtained are encouraging.
Nevertheless we are going to enhance the performance
of the classifier via an improved segmentation procedure
and different clustering algorithms. Previous works on
the automatic analysis of cells required a hand-made
segmentation. Although all threshold values have been
predetermined on the basis of apriori information or can
be computed automatically, that is the whole algorithm
is unsupervised, we want to stress that our method
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should be considered as a fast preprocessing tool to help
experts during the diagnosis phase. Moreover, it is
noteworthy that the features and the methodologies here
introduced are general and can be extended to solve
different object recognition problems.
Appendix A

Morphological operators are widely used to extract
or suppress image structures with apriori known shape,
size and orientation. This information is embedded by a
so called structuring element SE, which represents the
range of the operators. Practically, the operators test
whether their structuring element fits or does not fit the
objects present in the image. Elementary morphological
operators can be effectively combined to achieve
important image processing tasks.

Let us define the erosion ε and the dilation δ of an
image I with grey levels in [0, 255] and the flat
structuring element Dr obtained as the approximated
discrete disk of radius r:

In general both erosion and dilation are not
invertible, but we can define two morphological
operators, called opening γ and closing φ, which should
recover as much as possible the original image I:

The usual application of the opening is the removing
of small objects from I, while preserving the shape and
size of larger objects. Viceversa the closing fills in the
smaller gaps in I. The opening and closing can be
combined to enhance the contrast of I by using the
following formula:

All these operators hold for binary images, too. In
the case of binary images, the contour of an object X can
be easily defined as:

The morphological part of the segmentation process
can be sketched by the following sequence of main
operations (Fig. 1):

It must be noted that all radii of the structuring
elements have been experimentally chosen according to
the size of the input images.
Appendix B

Let us assume that a coarse approximation Ii of the
input image I=I0 can be written as an infinite scalarproduct of finer and finer approximations with a high-
pass filter h:

On the contrary, the wavelet coefficient Wi can beobtained by convolving with a low-pass filter l:

That is, each wavelet image Wi has the same numberof pixels as I0. Moreover the distance between samplesincreases by a factor 2 from plane i to i+1, since the
convolution is done by keeping one pixel out of two.
This means that in practice the size of h and l doesn’t
increase, whatever the level i of the scale is.

We have preferred a linear interpolation to define the
kernel of the high-pass filter h:

because it is isotropic and limited to just 9 elements. The
simplest choice for the low-pass filter l is the difference
between two consecutive resolutions:

Small objects are enhanced in the first planes, while
big components are located in the last planes. Pointlike
details and the background are more evident in W1.Moreover, bright structures are exalted by positive
values, while dark regions are put in evidence by
negative values. Therefore, the absolute value of the first
4 coefficient planes retain most structures of the nucleus:
the combination of these binaryzed images improves the
shape of the nucleus already extracted by mathematical
morphology (Fig. 2):

Finally, to complete the extraction of the nucleus we
smooth its contour by mathematical morphology:

Appendix C

A closed contour of k points and Euclidean length L
can be identified by four Fourier coefficients an, bn, cnand dn of N harmonics:
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From a geometrical point of view ai and bi (ci and di)represent the projection on the x (y) axes of the
semimajor and of the semiminor axis of the ith
harmonic.

The inverse process recovers the ith pixel of the
contour from the harmonics:

The total complexity of the contour can be estimated
by comparing the original and reconstructed contours
through the following measure:

which takes into account the distance between each point
of the contour and its reconstructed one. It is quite
obvious that the smoother the original contour is, the
fewer harmonics will be necessary to correctly
reconstruct it.
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