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1  | INTRODUC TION

Although immunological, cytogenetic, and molecular tests are being in-
creasingly used, the morphologic analysis of blood cells is still a crucial 
diagnostic aid. The information provided by the morphological analysis 
of the blood cells is relevant for the selection of additional techniques 
and follow-up of the patients with malignant blood diseases, includ-
ing lymphoid neoplasms and leukemias.1,2 In the WHO classification 
system, tumor cell morphology, along with the immunophenotype and 
genetic changes, remains essential in defining disease entities.3

In spite of the significant diagnostic role of peripheral blood (PB) 
morphology, there are no objective values for defining cytological 
variables. The distinctive cytological characteristics of the blood 
cells are subjective and influenced by the reviewer’s interpretation.1 

In this respect, digital microscopy and computerized image analysis 
may provide more accurate and objective morphological evaluation, 
transforming cytological qualitative parameters into quantitative 
values. Image analysis is the extraction of meaningful information 
from digital images through automated or computerized analysis.

An early study about image analysis of small cell lymphoma of the 
thyroid gland, and the comparison of nuclear parameters of lympho-
cytes, demonstrated that the nuclear area was the optimum descrip-
tor discriminating between small neoplastic lymphocytes in thyroidal 
lymphomas and reactive lymphocytes in Hashimoto’s thyroiditis.4

Image analysis was first developed using histological sections, and 
the measurements were performed over tissue parameters such as 
length, area, and cell count, being useful to supply information about 
the trabecular organization in the marrow space.5 As blood cells are 
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Abstract
Introduction: Morphological review of the peripheral blood smear is still a crucial 
diagnostic aid as it provides relevant information related to the diagnosis and is im-
portant for selection of additional techniques. Nevertheless, the distinctive cytologi-
cal characteristics of the blood cells are subjective and influenced by the reviewer’s 
interpretation and, because of that, translating subjective morphological examina-
tion into objective parameters is a challenge.
Methods: The use of digital microscopy systems has been extended in the clinical 
laboratories. As automatic analyzers have some limitations for abnormal or neoplas-
tic cell detection, it is interesting to identify quantitative features through digital 
image analysis for morphological characteristics of different cells.
Result: Three main classes of features are used as follows: geometric, color, and tex-
ture. Geometric parameters (nucleus/cytoplasmic ratio, cellular area, nucleus perim-
eter, cytoplasmic profile, RBC proximity, and others) are familiar to pathologists, as 
they are related to the visual cell patterns. Different color spaces can be used to in-
vestigate the rich amount of information that color may offer to describe abnormal 
lymphoid or blast cells. Texture is related to spatial patterns of color or intensities, 
which can be visually detected and quantitatively represented using statistical tools.
Conclusion: This study reviews current and new quantitative features, which can con-
tribute to optimize morphology through blood cell digital image processing techniques.
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seen as individual entities in the smear, their cytological characteris-
tics may be the targets in the definition of features to provide objec-
tive numerical scales and quantify them using image analysis.

Traditionally, the morphologic analysis of the PB smear has been 
performed using the manual microscope method. The close collab-
oration between cytologists, mathematicians, and engineers over 
the last few years has eased the development of automatic tools for 
digital image processing of normal blood cells. Some equipment is 
capable to preclassify cells in different categories using neural net-
works, extracting a large number of measurements and parameters, 
which describe relevant cell morphological characteristics.6 The use 
of digital microscopy systems in the clinical laboratories has been ex-
tended, and automated analyzers using digital images of leukocytes, 
erythrocytes, and thrombocytes have been integrated into the 
daily work.7,8 Nevertheless, these automatic analyzers have some 
limitations related to abnormal or neoplastic cell detection.9 New 
hematological analyzers are currently under development based on 
automatic morphology computer imaging of PB smears.10 The topic 
of morphological analysis has received much attention with the in-
creasing demands in both bioinformatics and biomedical applica-
tions. In the last 20 years, about 1,000 publications have reported 
the use of morphological cell analysis in biomedical research.11

The goal of this study was to review how image analysis helps 
to define quantitative features able to characterize cytological 
variables, which are currently used by the pathologist. This review 
focuses on abnormal lymphoid cells and blasts, as these malignant 
cells exhibit subtle differences in morphologic characteristics, which 
makes their visual identification a difficult task. The paper is or-
ganized as follows. First, the paper discusses the most important 
qualitative morphological characteristics to differentiate a variety 
of abnormal lymphocytes and blast cells. Second, different types of 
image-based quantitative features are reviewed in 2 directions: their 
definitions and the current literature discussion. Third, the practical 
use of quantitative features is evaluated on the automatic recogni-
tion of reactive or malignant cell recognition in PB. Finally, some fu-
ture perspectives are outlined toward objective, morphology-based 
PB cell assessment through image analysis.

2  | QUALITATIVE MORPHOLOGIC AL 
ISSUES IN LYMPHOID AND BL A ST CELL S

Morphological evaluation of leukemia and lymphoma cells is essential 
for their diagnosis and classification. PB film morphology is important 
to distinguish between reactive lymphocytes, abnormal lymphoid 
cells, and lymphoid or myeloid blasts in the first morphological evalu-
ation when the patient is explored by the first time in the hospital.

External quality control programs have highlighted difficulties 
to differentiate between leukemic and non-neoplastic cells, the 
abnormal lymphoid cells being the most difficult to identify by the 
participants.12,13 With respect to lymphoid neoplasms, few studies 
have been published regarding feature analysis in abnormal lymphoid 
cells. Chronic lymphocytic leukemia (CLL) cells are typically small 

lymphocytes with clumped chromatin and scant cytoplasm. Hairy 
cells (HCL) are larger than normal lymphocytes with an oval or in-
dented nucleus containing homogeneous or spongy chromatin (less 
clumped than that of a normal lymphocyte), and they have hyaline cy-
toplasm with circumferential hairy projections. Splenic marginal zone 
lymphoma (SMZL) cells usually show short polar villi. B-lineage pro-
lymphocytic leukemia (B-PLL) cells are larger than CLL, show more 
variation in size and the nuclear chromatin is moderately condensed 
exhibiting large nucleoli. Follicular lymphoma (FL) cells show notches 
or deep narrow clefts in some nuclei. In mantle cell lymphoma (MCL), 
cells are more pleomorphic, have more dispersed chromatin with in-
conspicuous nucleoli and in the blastoid variant, most cells resemble 
blast cells. In plasma cell leukemia, the neoplastic cells may resemble 
mature plasma cells or they may be highly abnormal showing an im-
mature chromatin pattern and nucleoli. T-lineage prolymphocytes are 
smaller and more pleomorphic than B-lineage prolymphocytes and 
nuclei are irregular, showing a little apparent nucleolus. Sézary cells 
may be either small or large, and the chromatin is characteristic due 
to its convoluted or cerebriform appearance.

With respect to blast cell morphology, one of the major roles 
of the blood smear analysis is the discrimination between myeloid 
and lymphoid origin, especially for acute promyelocytic leukemia, in 
which a blood film is very helpful in the rapid diagnosis and treat-
ment.14 The majority of lymphoblasts lack granules and have a high 
nucleus-cytoplasmic ratio, a diffuse chromatin pattern and usually 
prominent nucleoli. Myeloid blast cells may present a few azurophilic 
granules and a lower nucleus-cytoplasmic ratio.

3  | QUANTITATIVE MORPHOLOGIC AL 
FE ATURES BA SED ON IMAGE ANALYSIS

The main steps in image analysis are the following: (i) image acquisi-
tion and preprocessing, (ii) segmentation,15-19 and (iii) extraction of 
features (quantitative descriptors),18,20,21 which make possible the 
further classification of the different cell types.

The segmentation step aims to obtain the cells separated from 
the other objects in the image and divided into regions of interest 
(ROI). This step is critical to be successful in the feature extraction 
procedure.15 In PB cells, 3 main ROI are typically obtained as follows: 
nucleus, whole cell, and peripheral zone around the cell.17-19 A fourth 
ROI is obtained for the cytoplasm by the difference between the 
sets of pixels that belong to the whole cell and the nucleus region.

From the segmented ROI, the next step is to identify a set of 
quantitative descriptors, which are usually grouped in the following 
3 categories: (i) geometric, (ii) color, and (iii) texture.

3.1 | Categories of quantitative features

3.1.1 | Geometric features

In general, geometric features are easy to interpret because they 
are the most intuitive and closely related to the visual patterns that 
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are familiar to pathologists. Most common geometric descriptors 
include parameters such as area, perimeter, circularity, diameter, ec-
centricity, elongation, roundness, convexity, nuclear size, cell size, 
nucleus-cytoplasmic ratio, nuclear eccentricity, and others.1,18,20,21 
The nucleus eccentricity is calculated as the distance between the cell 
center and the nucleus center.20 New geometry-based features may 
be proposed to quantify more complex characteristics. For instance, 
a novel descriptor was proposed in17 to describe the cytoplasmic pro-
file or hairiness in villous lymphocytes.

Another example of a new geometric feature is the so-called 
RBC proximity, which is an indirect measure of the amount of cell cy-
toplasm that adheres to red blood cells (RBC). It is well known by 
pathologists that cytoplasm of reactive lymphocytes (RL) tends to 
adhere to neighboring (RBC). When a RL touches a RBC, there is a co-
incidence between the RL cytoplasm perimeter and the edge of the 
peripheral zone around the RL. Based on this observation, the RBC 
proximity is defined as the proportion of the RL perimeter (in pixels) 
that intersects the peripheral zone around the cell. The practical use 
of this feature is described for the first time in this study when it will 
be used for automatic recognition purposes (see Figure 4).

Geometric features have been previously used for quantitative 
characterization of lymphocytes in thyroid tissues,4 such as nuclear 
diameter, area, or irregularity, useful for the discrimination between 
abnormal and reactive lymphocytes. In addition, the effect of al-
bumin on CLL lymphoid cell morphology on PB was analyzed using 
image analysis.22 It was demonstrated that the addition of albumin 
to the blood smears resulted into changes in cytological features, 
decreasing not only cell, but also nuclear areas, while increasing the 
nucleus-cytoplasm ratio. In a later publication, image analysis was 
used to obtain geometric features to quantify some cytological pa-
rameters of the malignant lymphocytes in CLL, MCL, and B-PLL.1 In 
that work, some quantitative descriptors, such as cellular area and 
diameter, nuclear area, and density, were found to morphologically 
discriminate among these 3 groups of abnormal lymphoid cells.

3.1.2 | Color features

A digital PB cell image is composed of a finite number of pixels with 
particular location and color values. Color is a physical property very 
common in the visual characterization of blood cells. To explore the 
rich amount of color information in the malignant blood cells, sev-
eral color spaces are used to obtain quantitative features. A color 
space is a way of describing a color by a number (3 or 4) of compo-
nents.15 In the RGB space, each color is decomposed into 3 bands 
corresponding to the basic colors: red (R), green (G), and blue (B). 
CMYK is another space in which the bands are cyan (C), magenta (M), 
yellow (Y), and black (B). HSV space is defined by hue (H), saturation 
(S), and brightness (V). Laboratory or Luv spaces use lightness (L) and 
chromaticity (a, b, u, v). Laboratory color space is characterized by its 
approximation to human perception.

From each of the color components belonging to a color space, 
one grayscale image results, which has intensities varying from 
black (0) to white (255). To obtain quantitative features from these 

grayscale images, it is very useful to represent the histogram. The 
histogram is a 2-axis plot in which the horizontal one is divided into 
intervals representing intensity values from 0 to 255. The vertical 
axis gives the number of pixels corresponding to the different in-
tensity intervals. From each histogram, 6 classical first order sta-
tistical features are usually calculated as follows: mean, standard 
deviation (SD), skewness, kurtosis, energy (uniformity), and entropy 
(variability).19-23

As an example of statistical features calculated from the his-
togram, Figure 1 (see23) shows 2 original images corresponding to 
Sézary cells acquired by the CellaVision DM96 (DM96). The 2-axis 
plot shows the histograms obtained from the magenta component in 
the grayscale images, in which the pixel count levels were obtained 
using the scientific software matlab (produced by MathWorks, MA, 
USA). Comparing the blue histogram from image 1 with the red one 
from image 2, it is possible to note that the first image shows many 
pixels with different intensity levels, while the second one has the 
pixels mainly in a short intensity range. This fact is interpreted as 
image 1 displays more variability and contrast in the nucleus with re-
spect to the cytoplasm, while image 2 shows bright dots practically 
in the whole cell.

Entropy describes the variability and energy describes the uni-
formity of the pixel intensity levels. Accordingly, the histogram of 
image 1 (in blue) shows more variability of the pixel intensity levels 
and higher information variety, so that the entropy of the image is 
higher. In contrast, the low uniformity of the pixel intensity levels is 
translated into lower energy. Conversely, the histogram correspond-
ing to image 2 (in red) shows less dispersion and high uniformity in 
the pixel intensity values, which means low entropy and high energy 
in the image.

Color features are involved in the quantification of cytoplasmic 
basophilia and cytoplasmic granulation, both very important mor-
phological characteristics in the classification of lymphoid cells.24

3.1.3 | Texture features

In contrast to other morphological parameters, such as cell size or 
nucleus-cytoplasmic ratio, the interpretation of the nuclear texture 
by visual observation is sometimes difficult. The chromatin density 
is related to the fixation and staining, as both procedures have a high 
influence on the variations in this parameter. Chromatin distribution 
reflects DNA nucleus organization containing important cellular di-
agnostic and prognostic information.

Texture is related to spatial patterns of color or intensities, which 
can be visually detected. In digital image analysis, texture is quanti-
tatively defined by uniformity, density, pixel tone, and their spatial 
relationships, among others. Such analysis is not an easy task and is 
usually performed following 2 main approaches: (i) the so-called gray 
level co-occurrence matrix (GLCM) and (ii) the granulometry.

Gray level co-occurrence matrix
For a grayscale digital image, the GLCM is defined as the probability 
that pairs of neighboring pixels have similar intensities.25 Based on 
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the GLCM of a digital image, many measurements (second order sta-
tistical features) can be calculated providing more information about 
the texture of the ROI, such as correlation, homogeneity, maximum 
probability, and others.26,27 By the way of example, Figure 2 shows 
2 original images corresponding to a lymphoblast (left) and a myelo-
blast (right) acquired with the DM96, as well as their correspond-
ing magenta components as grayscale images. The intensity levels 
in these images rank from 1 (black) to 8 (white) and, therefore, the 
GLCM are matrices with 8 rows and 8 columns, which are shown in 
the figure. As an example, Figure 2 illustrates the meaning and value 
of the maximum probability feature. First, the most repeated pair of 
pixel intensities is identified. Then, the ratio of the repetitions over 
the total possible pairs is defined as the maximum probability fea-
ture. For the lymphoblast case, the pair (8, 8), which is the brightest, 
has 8,178 repetitions, which means a ratio of .8682. This is in ac-
cordance with the visual observation, as the grayscale lymphoblast 
magenta component appears practically white. On the other hand, 
for the myeloblast, again (8, 8) is the most probable, but the feature 
value is .1332, much lower than in the previous case. This is because 
there are large numbers of pairs of pixels with different gray intensi-
ties as numerically shown in the GLCM and visually observed in the 
grayscale image.

As its introduction by Haralick, the GLCM has been widely 
used as a texture measurement in medical imaging, such as ultra-
sound images for solid neoplasms28 and in bone marrow images 
to distinguish 4 types of erythrocyte precursor cells stages.29 
Nevertheless, few studies involving GLCM have been performed 
using PB images and mainly for differentiating among normal 
leukocytes30 and blast lymphoid cells.31 In other paper, the au-
thors calculated 5 textural attributes based on the GLCM (energy, 

entropy, among others) to differentiate between normal leuko-
cytes (5 subtypes) and CLL cells.32

Granulometry
Granulometry is a texture feature that measures the particle size 
distribution in an image by mathematical morphology operations, 
such as dilation, erosion, opening, and closing.26 These authors com-
bined color granulometries and color histograms to achieve leukocyte 
classification obtaining granulometric curves. The morphology opera-
tions are visualized by means of the so-called granulometric and pseu-
dogranulometric curves, which represent the proportion of the black 
and bright particles in the image. Over both curves, it is possible 
to obtain texture features by calculating parameters such as mean, 
standard deviation, skewness (measure of asymmetry), and kurtosis 
(measure of uniformity). Reference23 presented a study in which the 
granulometry was applied for the morphological differentiation of 
abnormal lymphoid cells.

A scoring system was proposed33 to distinguish B-cell disorders 
based on the following quantitative features: nuclear shape, cellular 
area and shape, nucleus-cytoplasmic ratio, nuclear red/blue ratio, 
cytoplasmic green/blue ratio, and nucleolus detection. The study 
included 87 PB smears of B- and T-cell disorders and 6 healthy do-
nors. For each PB smear, 30 images were analyzed demonstrating 
the usefulness of the scoring system, but it needed to be confirmed 
with a larger sampling.

Automatic recognition of 4 abnormal lymphocyte types (HCL, 
CLL, MCL, B-PLL) using 113 features (geometric and color/texture) 
was described in.17 The same authors presented the most relevant 
features for the automatic classification of normal, HCL, CLL, MCL, 
and B-PLL.18 In a further work, FL and RL were added to the previous 

F IGURE  1 Two original images corresponding to Sézary cells acquired with the DM96. The 2-axis plot shows the histograms obtained 
from the magenta component in the grayscale images, in which the pixel count in the magenta intensity levels corresponding to images 1 and 
2 was obtained using matlab. Comparing the blue histogram from image 1 with the red one from image 2, it is possible to note that the first 
shows many pixels with different intensity levels, while the second has the pixels mainly in a short intensity range. In fact, image 1 displays 
more variability and contrast in the nucleus with respect to the cytoplasm, while image 2 shows bright dots practically in the whole cell. 
More variability of the pixel intensity levels implies higher information variety, so that the entropy of the image is higher. In contrast, the low 
uniformity of the pixel intensity levels is translated into lower energy. Conversely, the histogram corresponding to image 2 (in red) shows less 
dispersion and high uniformity in the pixel intensity values, which means low entropy and high energy of the image
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study.19 In addition, quantitative features were extracted by image 
analysis to discriminate RL from blast cells and between myeloblasts 
and lymphoblasts.34 A number of 20 quantitative features, which 
were relevant for the discrimination among 12 lymphoid cell types, 
were also analyzed.23

4  | RE AC TIVE AND MALIGNANT CELL 
RECOGNITION USING QUANTITATIVE 
MORPHOLOGY

Quantitative features facilitate the last step of the image analysis 
process, which is the automatic cell classification. The reader may 
find more detailed discussions about image processing and machine 
learning tools in the morphological analysis of blood cells.35

This section describes a classification experiment, whose pur-
pose is to assess the usefulness of the quantitative morphological 
information provided by a number of 140 features (describing size, 
shape, color and texture from cytoplasm, nucleus and complete cell). 
The main goal is to check if they are useful for the automatic discrim-
ination between reactive lymphocytes (non-neoplastic) and neo-
plastic cells circulating in PB. Figure 3 shows the 20 most relevant 
features in the classification. A machine learning classifier described 
in19 was trained with the 140 features for the automatic recognition 
of RL, blast cells (BL), and abnormal lymphoid cell images, captured 
by the DM96.

For the classification experiment, 418 PB smears stained with 
May Grünwald-Giemsa are used from 199 patients with the follow-
ing confirmed diagnosis: (i) viral infection, (ii) acute leukemia, and (iii) 
B or T lymphoid neoplasm. For each smear, the pathologist selects a 
set with between 10 and 90 cell images belonging to the cell group 
corresponding to the confirmed diagnosis. The final distribution is 
as follows: RL in 41 smears, BL in 233 (190 myeloid and 43 lymphoid 
origins), and AL in 144 smears.

The set of images from each individual smear is given to the 
classifier, which performs a blind automatic recognition whose out-
comes are the images belonging to each class. The analysis of a sin-
gle blood smear by the classifier may be considered as a binary test 
with correct or incorrect results. The test is considered to be correct if 
the percentage of images correctly recognized in the true confirmed 
category is above a prescribed threshold. If none of the 3 groups 
is above the threshold, then smear is considered in the unknown 
category.

Figure 3 (left part) shows the confusion matrix, which summa-
rizes the test results with 50% threshold. This 50% threshold, or 
majority criterion, was chosen because using this value, the highest 
percentage of smears was correctly classified.

All the 41 smears containing RL are classified in the correct 
class (100% accuracy). With respect to blast cells images, 97% of 
the smears obtained from patients with acute leukemia are correctly 
identified, while the remaining 3% is classified as unknown by the 
system. Finally, 96% of the smears containing abnormal lymphoid 
cells are recognized in the right class by the automatic classifier. 
Global accuracy was 97.7%. These results confirm that the set of 
quantitative features selected is useful for the automatic recognition 
between reactive cells and neoplastic (abnormal lymphocyte or blast 
cells) cells in PB.

It is interesting to mention that 10 of the 20 most relevant 
features for the classification into reactive or neoplastic PB cells 
were parameters obtained from the granulometric and pseudo-
granulometric curves (see Figure 4). In contrast, in a previous study 
reported23 for the discrimination among 12 lymphoid cell groups, 
only 2 among the most relevant features were granulometric. The 
high number of relevant granulometric features contributing to the 
discrimination between reactive and neoplastic PB cells may be due 
to the differences in the large cytoplasm present in RL and some 
myeloblasts with respect to the low cytoplasm present in most of 
the abnormal lymphoid cells. This is translated into very different 

F IGURE  2 The original images 
correspond to 2 blast cells from lymphoid 
and myeloid lineage, respectively, and they 
were acquired with the DM96. In their 
corresponding magenta component in gray 
scale, it can be observed that lymphoid 
blast displays mostly magenta component, 
which is represented by bright spots in 
the grayscale component. The intensity 
levels in the image rank from 1 (black) to 
8 (white). The most probable pair of pixels 
for lymphoid blast is the brightest, where 
all intensity values are grouped. It resulted 
in a higher average of the maximum 
probability. In contrast, myeloid blast 
shows a large number of different pairs of 
gray pixels’ intensities, resulting in a lower 
maximum value and a lower value for this 
descriptor 
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cell texture and discriminative values of the features based on the 
granulometric curves among these groups. Figure 4 shows an ex-
ample of the different values for the pseudogranulometric curves of 
the cytoplasm (in the Cyan component of the CMYK color space) 
obtained for a RL (in red, mean = 0.1005) and an abnormal lym-
phocyte (villous lymphocyte in SMZL, in blue, mean = 0.0412) im-
ages, respectively. The meaning of the values for both curves is 
that there are differences in the distribution of the dark and bright 
granules on the cytoplasm in RL, with respect to abnormal lympho-
cytes and blast cells.

As observed in Figure 5, when a RL touches a RBC, there is a 
coincidence between the RL cytoplasm perimeter and the edge 
of the peripheral zone around the RL. As we explained in the 
section corresponding to geometric features, the RBC proximity 
is defined as the proportion of the RL perimeter (in pixels) that 

F IGURE  5 RBC proximity values in pixels, defined as the 
proportion of the reactive lymphocyte (RL) perimeter that 
intersects the peripheral zone around the cell, corresponding to 
2 images acquired with the DM96: RL (0.40) and splenic marginal 
zone lymphoma lymphocyte or SMZL (0). SMZL, splenic marginal 
zone lymphoma 

F IGURE  4 Different pseudogranulometric curves of the 
cytoplasm (in the Cyan component of the CMYK color space) 
obtained for a RL (in red) and for a SMZL (in blue). RL, reactive 
lymphocytes; SMZL, splenic marginal zone lymphoma

F IGURE  3 List of the 20 most relevant features in the classification. Color component, color space, region of interest, and feature type 
are shown. Left part shows the confusion matrix, which summarizes the predicted classes with respect to the true classes, considering a 
threshold ≥50% of the set images correctly recognized in the true category. All the 41 smears containing RL were classified in the correct 
class (100% accuracy). The 97% of the smears obtained from patients with acute leukemia were correctly identified, while the remaining 3% 
were classified as “unknown” by the system. Finally, 96% of the smears containing abnormal lymphoid cells were recognized in the right class 
by the automatic classifier. RL, reactive lymphocytes
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intersects the peripheral zone around the cell. This feature has 
shown a good discriminative capability between reactive and 
neoplastic cells as it is shown in the Figure 5, which displays RBC 
proximity values in pixels, corresponding to 2 images acquired 
with the DM96: RL (0.40) and splenic marginal zone lymphoma 
lymphocyte or SMZL (0).

5  | CONCLUDING REMARKS

Although morphology is used widely in the diagnosis of leuke-
mias and lymphomas, visual morphologic differentiation among 
subtypes requires much experience and skills. The finding of 
quantitative features, for qualitative morphological character-
istics by image analysis, may provide valuable information on 
clinically important properties of blood cells. These features 
could be incorporated to the new hematological analyzers, 
which are currently under development based on automatic 
morphology computer imaging of PB smears, to provide addi-
tional flags for blast or abnormal lymphoid cell detection. Red 
cell parameters and reticulocyte indices play an essential role in 
differential diagnosis of anemia and in its treatment.36 Similar 
to red cell indices provided by automated hematology analyzers 
that indicated changes in red cell size, other specific lympho-
cyte or blast measures can be introduced into the new auto-
mated analyzers to optimize morphology through blood cell 
image analysis.

Work is in progress to describe the following new descriptors (i) 
to measure CLL cells typically nuclear clumped chromatin the Cyan 
correlation of the nucleus (statistic parameter based in the GLCM), 
(ii) to measure the cerebriform chromatin, which is characteristic in 
Sézary lymphoid cells, the SD of the granulometric curve of the cyan 
of the nucleus, and (iii) to detect LGL granules, the skewness of the u 
component histogram of the cytoplasm.

In addition, a morphologic-genetic correlation has been recog-
nized for certain acute myeloid leukemia subtypes. As an exam-
ple, there is a strong association between acute myelomonocytic 
and acute monocytic and myeloid leukemia with nucleophosmin 
(NPM1) mutation.37 Some other correlations involving morphology 
and cytogenetic changes in abnormal lymphoid cells may show up 
using image analysis.

In the future, the expanded use of current and new quantitative 
features for nuclear, cytoplasmic, and cell abnormalities may lead to-
ward an objective morphological assessment of blood cells. Crucial 
challenges for the laboratories in the implementation of this technol-
ogy will include the standardization of the quality of PB smear staining 
to ensure appropriate, high-quality smears and to minimize the differ-
ence in images acquired from different sources. In addition, it would 
be a requirement for the laboratory professionals to increase their 
knowledge about image analysis and related topics, and to be involved 
in multidisciplinary collaborations with engineers and mathematicians, 
among others.
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