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ABSTRACT

Objectives: The objective was the development of a method 
for the automatic recognition of different types of atypical 
lymphoid cells.

Methods: In the method development, a training set (TS) 
of 1,500 lymphoid cell images from peripheral blood was 
used. To segment the images, we used clustering of color 
components and watershed transformation. In total, 113 
features were extracted for lymphocyte recognition by linear 
discriminant analysis (LDA) with a 10-fold cross-validation 
over the TS. Then, a new validation set (VS) of 150 images 
was used, performing two steps: (1) tuning the LDA classifier 
using the TS and (2) classifying the VS in the different 
lymphoid cell types.

Results: The segmentation algorithm was very effective 
in separating the cytoplasm, nucleus, and peripheral zone 
around the cell. From them, descriptive features were 
extracted and used to recognize the different lymphoid cells. 
The accuracy for the classification in the TS was 98.07%. 
The precision, sensitivity, and specificity values were above 
99.7%, 97.5%, and 98.6%, respectively. The accuracy of the 
classification in the VS was 85.33%.

Conclusions: The method reaches a high precision in the 
recognition of five different types of lymphoid cells and could 
allow for the design of a diagnosis support tool in the future.

The timely detection of lymphoma and leukemia cells is 
necessary to provide patients with an adequate treatment that 
is decisive for their prognosis. Frequently, the blood smear 
provides the primary or the only evidence for a specific diag-
nosis, remaining an important diagnostic tool even in the age 
of molecular analysis.1,2 In the World Health Organization 
classification, atypical cell morphology, along with immu-
nophenotype and genetic changes, remains essential in defin-
ing lymphoid neoplasms.3 Morphologic distinction between 
various lymphoid cell types requires experience and skill; 
moreover, objective values do not exist to define cytologic 
variables. Chronic lymphocytic leukemia (CLL) cells are typi-
cally small lymphocytes with clumped chromatin and scant 
cytoplasm. Hairy cells are larger than normal lymphocytes 
(N), and they have an abundant weakly basophilic cytoplasm 
with irregular “hairy” margins. However, subtle differences in 
morphologic characteristics exhibited by some lymphoma and 
leukemia cells lead to a significant number of false negatives 
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in the routine screening. Moreover, additional studies are 
expensive and time-consuming. This is why having an auto-
mated screening imaging system for decision support could 
reduce the cost and morbidity for the patients.

The close collaboration between cytologists, mathema-
ticians, and engineers over the past few years has made 
possible the development of automatic methods for digital 
image processing of normal blood cells. Some equipment is 
able to preclassify cells in different categories by applying 
neural networks and extracting a large number of measure-
ments and parameters that describe the most significant 
cell morphologic characteristics.4 These systems, when 
integrated into the daily workload, represent an interesting 
technological advance since they are able to preclassify most 
of the normal blood cells in peripheral blood (PB).5,6

Atypical lymphoid cells are the most difficult patho-
logic cells to classify by using morphologic features only.7 
Few studies about automatic recognition of different atypical 
lymphoid cells with satisfactory results have been published. 
In most previous studies, the lymphoid cell classification has 
been addressed with pattern recognition systems to sepa-
rate the cells into categories.8-11 Nevertheless, the image-
processing techniques used in these works are not useful 
for current digital images, since the present acquisition 

technology is based on charge-coupled device sensors.8
Among the difficulties of overcoming the automation of 

the lymphoid cell classification process from their morpho-
logic characteristics, the most relevant are (1) to accurately 
solve the cell segmentation problem, which means separat-
ing the cells of interest from the whole image; (2) to obtain 
descriptive features from the cells of interest, which allows 
high accuracy during the classification step; and (3) to train 
a classifier to distinguish accurately among the different 
lymphoid subtypes.12,13 This article presents a complete 
method for lymphocyte recognition to allow the automatic 
classification of normal cells and four atypical lymphoid 
cells circulating in PB in mature B-cell lymphoid neoplasms.

Materials and Methods

This work was carried out in two stages: (1) method 
development and (2) method validation. In the first stage, 
a set of 1,500 lymphoid cell images was used, which is 
referred to as the training set. In the second stage, a new 
independent set of 150 cell images was used, which is named 
the validation set. ❚Figure 1❚ shows the scheme of the com-
plete method.
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❚Figure 1❚ The complete method has two stages: (1) method development and (2) method validation. In the first stage, a 
training set of 1,500 lymphoid cell images is processed to obtain a database of features, which is used in a 10-fold cross-
validation with linear discriminant analysis (LDA) classification to calculate some statistical measures. In the second stage, a 
new independent validation set of 150 cell images is processed following the preceding steps. Then, the validation consists of 
two steps: (a) tuning the classifier by using the previous training set and (b) classifying the new validation set in the different 
lymphoid cell types.
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Method Development
The method to achieve the automatic recognition 

of lymphoid cells was performed through the following 
steps:

Blood Sample Preparation and Digital Image Acquisition
Samples from healthy donors and patients with CLL, 

hairy cell leukemia (HCL), and mantle cell lymphoma 
(MCL) were included in this study. The diagnoses were 
established by clinical and morphologic findings as well as 
the characteristic immunophenotype of the lymphoid cells. 
Specifically, CLL cells had the following phenotype: CD5+, 
CD19+, CD23+, CD25+, weak CD20+, CD10–, FMC7–, 
and dim surface immunoglobulin expression. All patients 
with HCL had lymphoid cells with the following phenotype: 
CD11c+, CD25+, FMC7+, CD103+, and CD123+. Patients 
with MCL showed lymphoid cells with the following 
phenotype: CD5+, FMC7+, CD43+, CD10–, and BCL6–. 
B-prolymphocyte (BPL) images were obtained from trans-
formed CLL.

Blood samples were obtained from the routine workload 
of the Core Laboratory of the Hospital Clinic of Barcelona. 
Venous blood was collected into tubes containing K3EDTA 
as an anticoagulant. Samples were analyzed by a cell counter 
(Advia 2120; Siemens Healthcare Diagnosis, Deerfield, IL), 
and PB films were automatically stained with May-Grün-
wald-Giemsa in the SP1000i (Sysmex, Japan, Kobe) within 
4 hours of blood collection.

Individual lymphoid cell images from PB had a resolu-
tion of 363 ´ 360 pixels and were obtained by the CellaVi-
sion DM96 system (CellaVision AB, Lund, Sweden). The 
quality of the smears and cell morphology was assessed 
by clinical pathologists (A.M. and L.B.) prior to the image 
study.

A training set of 1,500 lymphoid cell images from PB 
films was selected to evaluate the accuracy of our method. 
They were distributed as follows: 181 normal lymphocytes 
from healthy patients, 301 HCLs, 401 MCLs, and 617 CLLs. 
This group was divided into 542 CLL clumped chromatin 
typical lymphocyte images and 75 BPL images.

Clustering Color Segmentation
Through the segmentation step, lymphoid cells were 

separated from other objects in the image.14-17 In this 
work, to segment the cells, we performed clustering 
by spatial kernel fuzzy c-means18-20 over the XYZ and 
CMYK color spaces and implemented the watershed trans-
formation (WT)12,21 by obtaining three regions for each 
cell: (1) cell region, (2) nucleus region, and (3) peripheral 
zone around the cell. The cytoplasm region was obtained 
by the difference between the regions of the whole cell 
and the nucleus.

Feature Extraction
The objective of this step was to obtain quantitative 

information about the objects in the image under analysis. In 
the present work, 113 features were used related respectively 
to geometry (10), color and texture (102), and cytoplasm 
external profile (1). ❚Table 1❚ shows the distinct categories of 
the features that we used in this work. They are summarized 
as follows:

Geometric features. Geometric features were calculated 
for each individual cell as described in a previous study 
by the authors.12 These features are quantitative geometric 
interpretations of morphologic characteristics such as the 
size and the shape of both nucleus and cell, as well as the 
nucleus/cytoplasm ratio.

Color and texture features. We applied first-order statis-
tical features (based on the histogram of each color compo-
nent),22 second-order statistical features,23 and granulometri-
cal features,24 which were described in the previous work.12 
In addition, the novelty in this work was to apply them over 
the nucleus and the cytoplasm for each component of the 

❚Table 1❚
Set of 113 Lymphoid Cell Features Extracted in the Method 
Described in This Study
Feature Description Quantitative Feature

Geometric features 
(n = 10)

Cell area Cell diameter
Cell conic eccentricity Cell perimeter
Nucleus area Nucleus diameter
Nucleus conic 
eccentricity 

Nucleus perimeter

Nucleus/cytoplasm 
ratio
Nucleus eccentricity 
with respect to the 
cytoplasm

Color and texture 
features (n = 102)a

Cytoplasm Nucleus

First-order statistical 
features (12 ´ 3)b

Mean Mean
SD SD 
Skewness Skewness
Kurtosis Kurtosis
Energy Energy 
Entropy Entropy

Second-order 
statistical features  
(14 ´ 3)b

Contrast Contrast 
Homogeneity Homogeneity
Correlation Correlation
Energy Energy
Entropy Entropy
Variance Variance
Difference Variance Difference Variance

Granulometrical 
features (8 ´ 3)
b (based on 
granulometrical curve)

Mean Mean
Standard Deviation Standard Deviation
Skewness Skewness
Kurtosis Kurtosis

Cytoplasmic profile 
feature (n = 1)

Estimation of the 
hairy projections 

a Color and texture features were applied to the nucleus and cytoplasm for each 
component of the Lab color space.

b (No. of features × 3 color components): every feature was calculated over the three 
color components L, a, and b.
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Lab color space to extract new features.
Cytoplasmic profile feature. This feature was extracted 

to characterize the cytoplasm profile. It estimates the projec-
tions of the cytoplasm using the peripheral region around the 
segmented cell. The cytoplasmic profile feature is obtained 
by using threshold segmentation to the green component and 
counting the pixels of this region.12

All features were stored in a numerical data matrix, 
which was used as the input data for the classification step.

Feature Analysis
The objective of this step was to determine the most 

relevant features for each cell type, which was achieved 
within the context of the information theory feature selec-
tion by using the so-called conditional mutual information 
criteria.25,26

Principal component analysis (PCA) was used as a tool 
to visualize in a compact way all features stored in the data 
matrix of 1,500 (cell images) ´ 113 (features). PCA is a 
technique that is commonly used to reduce the dimensional-
ity of a big data set by its transformation into a new set of 
principal components linearly uncorrelated, searching the 
causes of variability and sorting the components by their 
importance.27

The above methods were not used in the classification 
step, but they were very useful in analyzing and visualizing 
the high number of data features.

Classification
The aim of this step was to obtain the automatic 

recognition of normal and different types of atypical 
lymphoid cells from PB using the supervised classification 
method called linear discriminant analysis (LDA).28,29

To assess the efficiency of the proposed method, 
we performed a 10-fold cross-validation technique over 
the training set of 1,500 lymphoid cells. This technique 
randomly divides the data set into 10 equal-size subsets. A 
single subset is used as the testing data, while the remaining 
data are used for training. Then, the process is repeated 10 

times. Finally, a confusion matrix is obtained to calculate 
some overall statistical measures.

Method Validation
To validate the method, we included an independent 

validation set of 150 new lymphoid cell images distributed 
as follows: 34 normal lymphocytes, 19 HCLs, 37 MCLs, 30 
CLLs, and 30 BPLs. These images were acquired and seg-
mented, and their features were extracted precisely through 
the same steps previously used for the training set. Next, the 
validation of the method consisted of performing the LDA 
technique in two steps: (1) tuning the classifier using the 
previous training set and (2) classifying the new validation 
set in the different lymphoid cell types.

Results

The developed segmentation algorithm was very effec-
tive in separating three different regions of the cell image: 
cytoplasm, nucleus, and peripheral zone around the cell. 
This procedure is an essential part of the method to ensure 
the success of the final classification step. ❚Image 1❚ shows 
different examples of the segmentation step obtained in dif-
ferent normal and atypical lymphoid cell images from PB.

For the classification, we used the 113 features men-
tioned earlier and listed in Table 1. In addition, using infor-
mation theory feature selection, we identified the 10 most 
ranked features by relevance and interdependence for each 
cell type. The two most important features were among the 
geometric ones: (1) cell perimeter and (2) nucleus/cytoplasm 
ratio. The remaining eight were color and texture features: 
(3) SD of the granulometrical curve of the L component of 
the nucleus, (4) mean of the b component of the nucleus, 
(5) SD of the b component of the cytoplasm, (6) entropy 
(first-order statistical) of the a component of the nucleus, (7) 
correlation of the L component of the nucleus, (8) homoge-
neity of the a component of the nucleus, (9) kurtosis of the 
L component of the nucleus, and (10) eccentricity of the cell.

❚Image 1❚ Segmentation results obtained in some images of lymphoid cells from peripheral blood: normal lymphocyte (N), hairy 
cell leukemia (HCL), chronic lymphocytic leukemia (CLL), mantle cell leukemia (MCL), and B-prolymphocyte (BPL). The outer line 
delimits the cell from the external area; the middle line corresponds to the cytoplasm margin and the inner line to the nucleus 
perimeter (May-Grünwald-Giemsa, ×1,000).
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and SDs lower than 9.6%. Most of the sensitivity values were 
above 97.5%, with their SDs lower than 2%, while the BPL 
value was 94.7%, with a SD of 6.9%. All the specificity val-
ues were above 98.6%, with their SDs lower than 0.9%.

❚Image 2❚ shows some images corresponding to the dif-
ferent lymphoid subtype classification results using the last 
fold of our first experiment. Each row corresponds to a dif-
ferent lymphoid cell type (N, HCL, CLL, MCL, and BPL).

Validation of the Method
❚Table 3❚ shows the classification results (confusion 

matrix) in which the five-class classification accuracy was 
85.33%. True-positive rates for each cell subtype were 
94.12% for normal lymphoid cells, 94.74% for HCLs, 
80.0% for CLLs, 89.19% for MCLs, and 70.0% for BPL.

Discussion

Morphologic examination of PB cells is the first ana-
lytical step in the hematologic diagnosis, and it is a truly 
useful aid for the indication of further necessary tests. Since 
atypical lymphoid cells are the most difficult to be classi-
fied using only morphologic features,7 the major goal of 
this work was to design a method combining segmentation, 
feature extraction, and classification algorithms that could 
be useful as a diagnosis support tool.

Cell morphology is susceptible to variations in the slide-
making and staining process. With the aim of decreasing that 
variation, we obtained the images by a standard and repro-
ducible method using automatic staining and the CellaVision 
DM96 analyzer (CellaVision AB). This equipment can scan 
the slides identifying different types of WBCs by artificial 
neural networks,4,5 but it is not able to separate the diverse 
atypical lymphoid cells circulating in PB.30

Normal and four atypical (CLL, HCL, MCL, and BPL) 
lymphoid cells were selected due to their characteristic 

❚Figure 2❚ shows the first and second principal compo-
nents derived from the whole set of 113 features obtained by 
PCA dimension reduction. It can be observed that the differ-
ent subtypes of lymphoid cells presented a different position 
according to these principal components. CLL cells showed 
a PCA pattern more similar with respect to normal lympho-
cytes but very different with respect to HCL cells and BPL.

Method Performance Evaluation
The 1,500 cell images of the training set were classified 

using LDA with 10 fold cross-validation. ❚Table 2❚ shows 
these results (confusion matrix), in which the rows represent 
the true diagnosis supplied by clinicians and the columns the 
predicted diagnosis given by the classification algorithm for 
each type of lymphoid cell. Every row was normalized with 
respect to the total number of cells of its respective type to 
represent the percentages with respect to the true diagnosis. 
The five-class classification accuracy was 98.07%, and we 
also calculated its SD to measure the variability between 
folds, which was 0.80%. Diagonal values were the true-pos-
itive rates for each cell subtype, showing values of 99.45% 
for normal lymphoid cells, 97.67% for HCL, 98.71% for 
CLL, 97.5% for MCL, and 94.67% for BPL.

❚Figure 3❚ shows some statistical measurements of the 
five-type classification. Most of the precision values were 
above 99.7%, with their respective SDs lower than 1%, except 
for N and BPL cells, which presented values above 88.8% 
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❚Figure 2❚ First and second principal components of all 
set of features obtained by principal components analysis 
(PCA) showing that the different subtypes of lymphoid 
cells presented a different position, taking into account 
these principal components of the set of features. Chronic 
lymphocytic leukemia (CLL) cells showed a similar PCA 
pattern with respect to normal lymphocytes (N) but 
very different from hairy cell leukemia (HCL) cells and 
B-prolymphocytes (BPLs). MCL, mantle cell leukemia.

❚Table 2❚
Confusion Matrix of the LDA Classification and 10-Fold 
Cross-Validation for the Training Set

Predicted, %a 

True N HCL CLL MCL BPL

N 99.45 0.00 0.00 0.00 0.55
HCL 1.66 97.67 0.00 0.00 0.67
CLL 0.92 0.00 98.71 0.19 0.18
MCL 1.25 0.00 0.00 97.50 1.25
BPL 4.00 1.33 0.00 0.00 94.67

BPL, B-prolymphocytes; CLL, chronic lymphocytic leukemia; HCL, hairy cell 
leukemia; LDA, linear discriminant analysis; MCL, mantle cell leukemia; N, 
normal lymphocytes.

a The rows represent the true diagnosis and the columns the predicted diagnosis given 
by the classification algorithm for each type of lymphoid cell. Accuracy = 98.07% 
and SD = 0.80.
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morphology, and a high number were collected from the 
daily workload in our laboratory.

With respect to the segmentation method, some authors 
have segmented only two regions of the cell (nucleus and 
cytoplasm).10,31-33 In a previous study,12 we used WT on the 
green color component to segment three regions (nucleus, 
cytoplasm, and the peripheral zone around the cell). In 
that study, the peripheral region of the cell was especially 
significant because it allowed us to evaluate the external 
profile of the cytoplasm. In the current study, we have seg-
mented these three regions for each lymphoid cell but used 
the color information of the image instead of only one gray 
level, which has been very useful to extract the appropriate 
description about the cell.

Regarding the feature extraction step, Scotti33 calcu-
lated only a few geometrical features over the cell, nucleus, 
and cytoplasm. Other authors calculated geometrical and 
statistical features of the nucleus.31,32 Angulo et al10 used 
extensively the granulometry over the luminance compo-
nent to compute features for lymphocyte identification. In 
the current study, we have extended the texture features to 
multiple color components, obtaining a total of 113 features, 
combining geometrical, statistical, and granulometrical fea-
tures to analyze the texture of the nucleus and the cytoplasm. 
This extension has permitted finding a better color and tex-
ture description of these regions. Nuclear characteristics are 
important features in morphologic diagnosis. The nuclear 
staining pattern reflects chromatin organizations, and in 
addition, CLL cells typically contain clumped chromatin.34 
We have calculated not only the cytoplasm profile feature 
described for the first time in our previous work12 but also its 
texture, which has been scarcely analyzed in the literature.

Furthermore, we have demonstrated that the size of the 
lymphoid cell (perimeter) and the nucleus/cytoplasm ratio 
are the two main features that comprise the most information 
regarding the type of cell. We have also found eight other rele-
vant features: six contain information about the nuclear texture, 
one relates to the cytoplasm, and one concerns cell shape. All 
above morphologic features have been used in the conventional 
differential analysis of the cells under the microscope.

Moreover, the whole set of features has been repre-
sented by using their two principal components. From the 
PCA dimension reduction, HCL cells were the subtype most 
separated from the rest of cells, which corresponds to the 
differences in the morphology of these cells with respect 
to the others. CLL cells were located very close to the nor-
mal lymphocytes and a portion of the MCL cells, which 
is in accordance with the subtle morphologic differences 
between them. However, the classification process was able 
to separate with high confidence these types of lymphoid 
cells. Figure 2 shows a group of BPL cells overlapping the 
group of MCL cells, which is according to the morphologic 

❚Figure 3❚ Precision (A), sensitivity (B), and specificity (C) of 
the 10-fold cross-validation with linear discriminant analysis 
(LDA) classification of the training set. Standard deviations 
are represented by the lines on the top of the bars. BPL, 
B-prolymphocyte; CLL, chronic lymphocytic leukemia; HCL, 
hairy cell leukemia; MCL, mantle cell leukemia; N, normal 
lymphocytes.
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similarities that they share. The separation observed from 
the PCA plot is an indicator that both segmentation and 
feature extraction steps have been performed satisfactorily.

Concerning the classification process, Angulo et al10 
classified the morphologic features of the lymphoid cells in 
categories using decision trees, but that work was not com-
pleted with further studies toward the specific discrimination 
among different groups with a similar diagnosis. In addition, 
Yang et al35 classified five types of atypical blood cells, 

but they included precursor lymphoid neoplasms and acute 
myeloid leukemia blast cells. One of the main contributions 
of the present work is that the proposed method succeeded in 
classifying five types of lymphoid cells (normal and mature 
B-cell neoplasms).

The accuracy of the method has been truly satisfactory, 
with a very low SD. Precision, sensitivity, and specificity 
values had excellent values, while they were lower for N and 
BPL cells because the number of images for these two types 

❚Image 2❚ Images corresponding to the different lymphoid subtype classification results using the last fold of our first 
experiment. Each row corresponds to a different lymphoid cell type: normal lymphocytes (N), hairy cell leukemia (HCL), chronic 
lymphocytic leukemia (CLL), mantle cell leukemia (MCL), and B-prolymphocytes (BPLs) (May-Grünwald-Giemsa, ×1,000).
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of cells was smaller and therefore less representative. More-
over, the method has been satisfactorily validated through 
the classification of an independent validation set using a 
group of cells from new patients.

In summary, the method presented in this article started 
with the design of a segmentation procedure to obtain 
regions of interest in lymphoid cells; from them, descrip-
tive features were extracted, and a combination of these 
characteristics was used in algorithms to classify normal 
and four different types of atypical lymphoid cells. The con-
tribution of this work combining medical, engineering, and 
mathematical backgrounds is the development of a complete 
method that could allow the design of a practical diagnosis 
support tool in the future.

The addition of more features and other classification 
methods to the described method will allow classifying other 
types of atypical lymphoid cells. We are progressing with 
further work in this direction, in an area where this method 
could be useful in clinical practice.
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