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Screening and diagnosing of abnormal Leukocytes are crucial for the diagnosis of immune diseases
and Acute Lymphoblastic Leukemia (ALL). As the deterioration of abnormal leukocytes is
mainly due to the changes in the chromatin distribution, which signi¯cantly a®ects the ab-
sorption and re°ection of light, the spectral feature is proved to be important for leukocytes
classi¯cation and identi¯cation. This paper proposes an accurate identi¯cation method for
healthy and abnormal leukocytes based on microscopic hyperspectral imaging (HSI) technology
which combines the spectral information. The segmentation of nucleus and cytoplasm is obtained
by the morphological watershed algorithm. Then, the spectral features are extracted and com-
bined with the spatial features. Based on this, the support vector machine (SVM) is applied for
classi¯cation of ¯ve types of leukocytes and abnormal leukocytes. Compared with di®erent
classi¯cation methods, the proposed method utilizes spectral features which highlight the dif-
ferences between healthy leukocytes and abnormal leukocytes, improving the accuracy in the
classi¯cation and identi¯cation of leukocytes. This paper only selects one subtype of ALL for test,
and the proposed method can be applied for detection of other leukemia in the future.

Keywords: Leukocyte; microscopic hyperspectral imaging; nucleus segmentation; Acute Lym-
phoblastic Leukemia.

1. Introduction

Leukemia is one of the most frequent disorders in
the blood, and the disease is manifested in plenty of

abnormal leukocytes in the bone marrow.1 Leukemia

can be categorized as Chronic Leukemia and Acute

Leukemia based on how fast it becomes severe,2 and
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Acute Lymphoblastic Leukemia (ALL) is the most
popular leukocyte cancer diagnosed in children.3

Observation of abnormal leukocytes is usually the
¯rst step in detecting leukemia, thus the identi¯-
cation of leukocytes is vital for the diagnosis of
systemic diseases. Leukocyte cells, which protect
the body from abnormal cells and destroy bacteria
and virus, are important components in the immune
system. According to their morphology and func-
tion, leukocytes can be classi¯ed into two types,
including granular type, such as neutrophils, eosi-
nophils and basophils, and nongranular types, such
as lymphocytes and monocytes. Traditionally, the
counting and classi¯cation of leukocytes are per-
formed manually by pathologists, which is a time-
consuming and inaccurate process.4 To achieve the
recognition of leukocytes, the visual criteria fol-
lowed by most of the pathologists include shape,
size, chromatin, boundary and so on. However,
the similarity in morphology between healthy and
abnormal leukocytes makes recognition accuracy
mainly dependent on the experts' rich experience.
Therefore, automatic and precise methods for the
classi¯cation of leukocytes are needed, especially for
the identi¯cation of abnormal leukocytes.

Nowadays, with the development of digital image
processing technology, lots of classi¯cation and
identi¯cation methods have been proposed. Ravi-
kumar gave a novel technique for leukocytes de-
tection based on the fast relevance vector machine
(Fast-RVM).5 Acharya and Kumar performed
K-medoids algorithm for nucleus and cytoplasm
segmentation, and reached a high classi¯cation ac-
curacy by using Random Forest algorithm.6 Zhao
et al. detected leukocytes based on the relation of
colors R, B and morphological operation, and used
convolutional neural networks (CNN) to extract the
features.7 Hao and Hong proposed an automatic
method of leukocyte identi¯cation by means of
feature fusion with color histogram and texture
granular in multi-color space.8 Obviously, these
proposed works achieved relatively higher accuracy
and e±ciency than manual classi¯cation methods,
whereas there are also some drawbacks based on
these 2D microscopy images which only include
spatial information. For instance, it is hard to dis-
tinguish among cells with similar morphology, such
as lymphocyte and lymphoblast, in 2D images.
Hyperspectral imaging (HSI), originated from
remote sensing, has been an imaging modality
for medical applications.9 The light absorbed and

re°ected by the tissue varies with the composition
of the object and the wavelength. Thus, the
hyperspectral images, containing abundant spectral
features, which are committed to providing more
information for image processing than common
RGB images, can be applied to obtain higher ac-
curacy in leukocyte classi¯cation. Guo et al. devel-
oped a multispectral imaging technique for WBC
segmentation with the application of Support Vec-
tor Machine (SVM) using the spectrum of each
pixel as input.10 With the combination of deep CNN
kernels and a modulated Gabor wavelet, Huang
et al. proposed a blood-cell classi¯cation framework
for HSI.11 Kumar et al. applied semi-supervised
NMF in spectral dimension reduction and hierar-
chical pixel clustering, the classi¯cation method
they proposed can explain the discrepancies in the
spectra of sub-cellular components of the same cell
type.12 These studies manifest that the spectral in-
formation e®ectively improves classi¯cation accu-
racy. Recently, with the rapid development of deep
learning algorithms, the research and application of
biomedical image processing have appeared. Justin
et al. utilized the Google Inception V3CNN to re-
alize automatic classi¯cation of both brain and
breast tissues' slides.13 Ciregan et al. combined
several DNN columns to achieve a Multi-column
DNN (MCDNN), which improves the recognition
rates in image classi¯cation.14 Justin et al. applied
three-dimensional CNN (3D CNN) to perform com-
puted tomography (CT) brain scans, highlighting
the contributions of pixel intensities for better per-
formance.15 Justin et al. also introduced the machine
learning algorithms which were used for medical
image analysis, concentrating on CNN mainly.16

However, deep learning has a large demand for
training samples, while SVM is more advantageous
in classifying among few samples, many achieve-
ments have been made in the research of classi¯ca-
tion algorithms for di®erent sample sets. Zhang et al.
proposed the geometric optimum experimental de-
sign (GOED), which can use the geometric structure
of unlabeled samples in the kernel Hilbert space to
improve the image retrieval.17 Lu et al. discovered a
mechanism to improve result diversi¯cation in image
retrieval with the use of the semantic distance of
image social tags.18 Zhang et al. explored a biased
maximum margin analysis (BMMA) and a semi-
supervised BMMA (SemiBMMA) to improve the
SVM-based RF, which is one of the most useful
techniques in CBIR.19 Garcia et al. proposed a real

X. Hu et al.

2050005-2

J.
 I

nn
ov

. O
pt

. H
ea

lth
 S

ci
. 2

02
0.

13
. D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 H

U
A

Z
H

O
N

G
 U

N
IV

E
R

SI
T

Y
 O

F 
SC

IE
N

C
E

 A
N

D
 T

E
C

H
N

O
L

O
G

Y
 o

n 
07

/0
1/

20
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



end-to-end trainable approach for image retrieval
based on nonmetric similarity function.20 Zhang
et al. discovered a scheme to improve the perfor-
mance of a CBIR system with the utilization of the
user historical feedback log data.21 Bella et al. pro-
posed a Fused Information Feature-based Image
Retrieval System (FIF-IRS), with applying of which
the performance of the image retrieval was
enhanced.22

In this paper, a method characterizing both
spatial and spectral properties of the hyperspectral
images is proposed to classify and identify normal
and abnormal leukocytes. An AOTF-based micro-
scopic HSI system is applied to acquire spectral in-
formation from blood smears. The segmentation of
nucleus and cytoplasm is obtained by the morpho-
logical watershed algorithm (MWA). Spectral fea-
tures play a decisive role in the accurate recognition
of abnormal leukocytes, thus, we extract spectral
features and combine them with the texture fea-
tures and shape features. As the size of sample set in
this paper is small, SVM is applied to distinguish
¯ve types of leukocytes and lymphoblast cells.
Moreover, performances of di®erent classi¯cation
methods are compared and discussed, showing that
the proposed method improves the accuracy in the
classi¯cation and identi¯cation of leukocytes.
Details will be introduced and discussed in the
following sections.

2. Materials and Methods

2.1. Hyperspectral data acquisition

The hyperspectral images are acquired through a
molecular HSI (MHSI) system which consists of six
parts: a microscope, an AOTF adapter, an SPF
Model AOTF controller, a 1/1.8 in. high-density
cooled charge coupled device (CCD) detector, a
data collection and control module, and a personal
computer.23 The light source illuminates on the
blood smear and the objective lens capture trans-
mittance light and send it to the AOTF adapter and
CCD detector. Then, the data collection obtains the
hyperspectral images. For each hyperspectral image
of blood smear, we select 60 bands in the wave-
length from 550 nm to 1000 nm, and the spectral
resolution is 2 nm to 6 nm, the spatial resolution is
less than 1�m. To achieve ideal spatial resolution, we
use an AOTF adapter with a 10-mm� 10-mm ap-
erture, and a CCD detector which has a 1600� 1200

pixels detection array, providing high sensitivity with
4:4� 4:4�m pixel size.

2.2. Preprocessing

The preprocessing of hyperspectral images aims at
eliminating the impact of the system noise, un-
cleanness, and other uncertain factors. While ac-
quiring blood hyperspectral images, we also collect
the images of the blank area in blood smears under
the same conditions. The calibration of the hyper-
spectral images is given by the following formula:

Icalðx; y; �Þ ¼ Iorgðx; y; �Þ=Ibðx; y; �Þ; ð1Þ
where x; y are the coordinates of a pixel, and �
represents the wavelength. Iorgðx; y; �Þ is the
pixel intensity of the original image, and Ibðx; y; �Þ,
Icalðx; y; �Þ are the pixel intensity of the blank
image and calibrated image, respectively.

After calibration, there are still some noises, such
as impulse noise and salt-pepper noise, in the
hyperspectral image. The median ¯lter as a non-
linear ¯lter is suitable for ¯ltering isolated noise and
image smoothing. In order to ¯lter out most of the
noise to minimize the e®ect on the image, we set the
¯lter window size as 3� 3.

2.3. Segmentation

The blood smear images include not only leuko-
cytes, but also lots of erythrocytes and other ma-
terial.24 For their subsequent feature extraction and
classi¯cation, the leukocytes need to be separated
from the erythrocytes and the background. Com-
pared with cytoplasm, the nucleus of leukocytes
contains more distinguishable spectral information
and plays an important role in classi¯cation. Thus,
the leukocyte should further be segmented into the
nucleus and cytoplasm. In general, many existing
hyperspectral image segmentation methods exploit
their ample spectral information but lack in spatial
domain.25 In this paper, we use the MWA for seg-
mentation, which uses the spatial information in
each band of the hyperspectral images. Watershed
transformation is an e®ective mathematical mor-
phology technique for image segmentation, and it
considers the 2D single-band image as a topographic
relief.26 Figure 1 shows the gray level of a pixel
representing its elevation, and there are several
catchment basins separated by the watershed lines,

Spatial-spectral identi¯cation of abnormal leukocytes
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each with one minimum value. During the seg-
mentation of hyperspectral images, the transfor-
mation is applied and eventually the nucleus and
cytoplasm of leukocytes are segmented precisely.

2.4. Feature extraction

Spectral Feature: As mentioned above, the
spectra of hyperspectral images di®er in distinct
regions of blood cells. A hyperspectral image can be
considered as a 3D dataset XðM�N� �Þ, M and N
represent spatial axes, while � represents spectral
axis.27 Pixels absorb and re°ect light of di®erent
wavelength, showing discrimination in the spectra.
Compared to the true color image which only have
RGB three channels, there are tens of wave bands in
a hyperspectral image, and each pixel of the image
have di®erent intensity values in di®erent bands.
Meanwhile, hyperspectral image has a high spectral
resolution that helps distinguish some subtle dif-
ferences which are di±cult to be found with RGB
three channels. Thus, abundant spectral informa-
tion can be collected for the subsequent classi¯ca-
tion. Spectral features principally comprise mean
value, maximum value, minimum value, standard
deviation value and so on. These values are com-
puted on the particular region, and then we acquire
the spectra, average pixel intensity and other
spectral information of the hyperspectral image. In
the previous segmentation, the nucleus and cyto-
plasm of the leukocytes as well as the erythrocytes
and background are separated, so that we can
compute on these regions and obtain the spectral
features, respectively.

Texture Feature: Texture feature is an im-
portant spatial characteristic of hyperspectral ima-
ges, which can be applied to recognize di®erent cells.

To gain insightful information of surface properties,
the adjacent pixel intensities need to be analyzed or
modeled.28 The gray-level co-occurrence matrix
(GLCM) studies the spatial relations in pairs of
pixels.29 Co-occurrence matrices relate the relative
frequencies P ði; jjd; �Þ, represent the number of
occurrences of a pixel valued i which is separated
from another pixel valued j at a distance d in the
direction �. This paper extracts four texture fea-
tures for subsequent processing, whose de¯nitions
and formulas are illustrated as follows:

(i) Energy: It speci¯es the uniformity of the image.
When the probabilities of the pairs of pixels are
similar, it has low value. It is computed as

Energy ¼
XN�1

i¼0

XN�1

j¼0

P ði; jjd; �Þ2; ð2Þ

where N is the number of gray levels in the
image.

(ii) Entropy: It measures the randomness. It is
computed as

Entropy ¼ �
XN�1

i¼0

XN�1

j¼0

P ði; jjd; �Þ

� log2P ði; jjd; �Þ: ð3Þ
(iii) Correlation: It represents the dependence

between a pixel and its neighbor, it is computed as

Correlation

¼
PN�1

i¼0

PN�1
j¼0 P ði; jjd; �Þ � ði� �Þ � ðj� �Þ

�2
;

ð4Þ
where � is the mean, �2 is the variance of the
co-occurrence matrix, they are computed as

� ¼
XN�1

i¼0

XN�1

j¼0

i � P ði; jjd; �Þ;

�2 ¼
XN�1

i¼0

XN�1

j¼0

ði� �Þ2 � P ði; jjd; �Þ:
ð5Þ

(iv) Inverse di®erence moment: It measures the
local homogeneity of the image. When the local
regions lack of uniformity, it has low value. It is
computed as

IDM ¼
XN�1

i¼0

XN�1

j¼0

P ði; jjd; �Þ
1þ ði� jÞ2 : ð6Þ

Fig. 1. Morphological representation of single-band image.
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Shape Feature. As previously introduced, leuko-
cytes are divided into granular type and nongran-
ular type, so that the shape and size of the nucleus
vary greatly in ¯ve types of leukocytes and lym-
phoblast cells. Leukocytes are mostly spherical and
similar in overall size, but the ratio of nucleus to
cytoplasm di®ers, which becomes an important
shape feature. Nucleus/cytoplasm (N/C) ratio is
computed as

R ¼ Snu

Scy

; ð7Þ

where Snu and Scy are the total number of pixels of
the nuclear region and cytoplasmic region.

Some leukocytes have nucleus that is nearly cir-
cular, while others have two or three lobed nuclei, or
even more irregular shapes. Hence, we extract two
other shape features: elongation and compactness.
Elongation is the ratio of the major and minor axis
length of a cell. The lengths are calculated by the
circumscribed rectangle of the cell. Compactness
measures how closely the shape of a cell approaches
that of a circle. Elongation and compactness are

computed as

E ¼ major axis length=minor axis length; ð8Þ
C ¼ 4� �Area=Perimeter2; ð9Þ

where Area is the total number of pixels in a region,
and Perimeter is the distance around the boundary
of the region.

2.5. Classi¯cation

SVM is a supervised learning machine for binary
classi¯cation proposed by Cortes and Vapnik.30

SVM is a generalized linear classi¯er that aims at
¯nding an optimal hyperplane in a n-dimensional
space, maximizing the distance between the hyper-
plane and the two classes. Owing to the limited
training samples, SVM is applicable for the classi-
¯cation of high-dimensional data.31 Thus, we ap-
plied SVM classi¯er for the leukocyte classi¯cation.
The objective function of SVM is described as

min
1

2
jjwjj2;

subject to yi½ðwxiÞ þ b� � 1 ði ¼ 1; 2; . . . ;nÞ;
ð10Þ

Fig. 2. Flowchart of the proposed method.
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where w is the weight vector, xi is the feature
sample, b is the bias, yi is the label of the sample.

Whereas, most of the hyperspectral data
are nonlinear. In order to map the data to the n-
dimensional space and obtain better performance of
classi¯cation, we need to select an appropriate
kernel function for SVM. This paper uses Radial
basis function (RBF) kernel in SVM, which is viable
for leukocyte classi¯cation because of its high
accuracy.32 The function is de¯ned as

Kðx; x 0Þ ¼ exp � jjx� x 0jj2
2�2

� �
; ð11Þ

where jjx� x 0jj is the Euclidean distance of
two samples in the training data, �2 is the RBF
parameter, measures the speed of the descent. The
methods we proposed are shown in Fig. 2.

3. Experiments and Results

3.1. Pre-processing results

A®ected by noises and image artifacts introduced
during the image capture, the original image cannot

be used directly. To ensure the accuracy of later
processing, according to the principle of single var-
iable, we collect all blank reference images as input
of spectral math tool to perform spectral domain
normalization. At the same time, median ¯lter is
adopted to eliminate other random noises. The ¯rst
row of Fig. 3 shows the original and preprocessed
60th band images of eosinophil. By contrast, it is
obvious that the quality of eosinophil hyperspectral
image has been improved a lot. After eliminating
most of the image artifacts and salt–pepper noises,
the cell-to-background contrast is enhanced, which
provides an important basis for later segmentation.
The e®ect of preprocessing is more clearly shown in
the spectrum. Figures 3(c) and 3(d) show the
spectral images we collect from ¯xed ROIs of four
types of components, in which the red spectrum and
green spectrum represent leukocyte and erythro-
cyte, respectively, while the blue spectrum repre-
sents the background. Analyzing the spectra
collected before preprocessing separately, it can be
observed that due to the excessive ambient noise
amplitude, the spectral values of various components

(a) (b)

(c) (d)

Fig. 3. (a), (b) Original and preprocessed eosinophil hyperspectral images. (c), (d) Spectra of original and preprocessed eosinophil
hyperspectral images.
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are too large, and both curves have similar trends.
After preprocessing, spectral domain normalization
reduces the impact of noises so that each of the
spectral curves is bounded between 0 and 1, which
di®ers a lot in both value and trend. For example,
from Fig. 3(b), we can ¯nd that the value of back-
ground stables around 1, erythrocyte's curve
°uctuates from 0.8 to 1.0, while nucleus' spectral
value reaches the minimum at 20th band. Further-
more, curves ¯ltered by the median ¯lter become
smoother, contributing to the improvement of
identi¯cation.

3.2. Segmentation results

An edge-based algorithm is best for detecting edges
of features where objects have sharp edges, which
are adopted to separate the components from
background. Images with large area and little tex-
ture variance are sensitive to the coe±cients. Tak-
ing the complexity of hyperspectral image into
account, the kernel size is set as 3 and the scale level
is located at 3% in this experiment. For fear of over-
segmentation, the full lambda schedule is chosen as
merge algorithm for its signi¯cant performance in
processing such as merging small areas within
larger, textured areas. The image shown in Fig. 4(a)
is the 1st band image of eosinophil. It can be
seen that all four kinds of components are repre-
sented by di®erent gray levels. The deepest
gray level expresses eosinophil nucleus, with the
cytoplasm around it divided by lighter color. We
separate the nucleus from other components through
applying of the edge-based algorithm, result is shown
in Fig. 4(b).

3.3. Feature extraction

After segmentation, we have accurately segmented
the nucleus from the image. Before classifying these
nuclei, it is necessary to extract the features that
can be used for classi¯cation from the existing data,
then we can achieve accurate classi¯cation by sta-
tistical analysis of these features and training of
these samples.

Spectral Feature: Since the hyperspectral
images we used in this experiment can directly re-
°ect the absorption e®ect of various nuclei, we take
the spectra of healthy and abnormal nuclei as fea-
tures. In order to obtain the discrimination among
them, we mark the region of interest from the seg-
mented nucleus region, and the average spectrum of
corresponding pixels is obtained by using spectral
analysis. Figure 5 shows the spectra of healthy
leukocytes and lymphoblast cell, in which the yel-
low, blue, red, green, pink and black curves repre-
sent eosinophil, neutrophil, monocyte, lymphocyte,
basophil and lymphoblast cell, respectively. For

(a) (b)

Fig. 4. (a) The 1st band hyperspectral image of eosinophil. (b) Result after segmentation.

Fig. 5. Spectra of healthy leukocytes and lymphoblast cell.

Spatial-spectral identi¯cation of abnormal leukocytes
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healthy nuclei, the lights in the 20th band are
mainly absorbed, and the absorption intensities of
which are signi¯cantly di®erent. Among them, the
lowest value is about 0.51, appearing on the spec-
trum of basophil, while the eosinophil has the
highest value. Although the shape of all curves is
roughly the same, they vary between the 20th band
and the 30th band, appearing diverse trends of
°uctuation. For lymphoblastic nuclei, depending on
the composition, they are less sensitive to lights in
any band, and there are obvious di®erences in
values compared with other healthy nuclei.

It is unreliable to measure the spectral di®erences
by observing images with naked eyes only, thus the
matching score is computed for quantitatively
evaluation. Spectral matching refers to measuring
the degree of similarity of all kinds of spectra to the
standard spectra collected in spectral library from
both the spectral angle and the spectral shape by
using SAM and SFF algorithms. We calculated the
matching scores of existing leukocyte data, and the
results are shown in Table 1. Obviously, the ¯ve
types of healthy nuclei are perfectly matched to
their corresponding standard spectra, with the
highest matching score close to 100%. Furthermore,
the spectra of eosinophil and neutrophil in Fig. 5
show overlap partially, the degree of similarity be-
tween these two types approaches to 88%. The same
phenomenon happens between monocyte and lym-
phocyte. For abnormal leukocyte, its matching
score with any kinds of standard spectra is as low as
around 0.25, which indicates that it has obvious
di®erence from healthy leukocytes.

Spatial Feature: Through observation of the
morphology of leukocytes, we found that the nu-
clear morphology and nucleus/cytoplasm ratio of all
kinds of leukocytes di®er a lot. As shown in Fig. 6, it
is not di±cult to ¯nd that the nucleus of eosinophil
is lobed, and areas of nucleus and cytoplasm are
almost the same, while the nucleus morphology of
lymphocyte is intact without lobulation, and the

nucleus accounts fora major portion of the cell.
There are also signi¯cant di®erences between the
morphology of monocytes and neutrophils. The
nucleus area of monocytes is larger than that of
neutrophils, and the nucleus of neutrophils also has
lobulation, which is easy to be distinguished. The
nucleus and cytoplasm of basophil are evenly dis-
tributed, and there is no obvious boundary between
them. The lymphoblast is shown below, which has a
complete nucleus. Its shape of cell is closer to circle,
and the di®erence in nucleus/cytoplasm ratio is
greater.

In order to obtain speci¯c qualitative and quan-
titative data, the binary processing is carried on for
classi¯ed leukocyte images. We extracted nucleus
and cytoplasm, respectively. The binarization
results are shown in the second and third columns of
Fig. 6. From these ¯gures, it is possible to clearly
distinguish whether the nucleus has lobulation,
which is an important criterion for identi¯cation.
For this purpose, the elongation and compactness
are computed to show how closely the shape of a
nucleus approaches a circle. In the meantime, the
N/C ratio is obtained by counting the pixels of the
nucleus and cytoplasm and dividing them. We
found that the average N/C ratio of eosinophils is
about 0.605, while that of lymphocytes is about
1.484. The results of monocytes and neutrophils also
di®er a lot. Between them, the average N/C ratio of
monocyte is about 0.8, while that of neutrophils is
around 1.2. The N/C ratio of basophils is computed
too, the value is greater than 1 and is widely
distributed.

3.4. Classi¯cation results and
evaluation

In the process of classi¯cation, spectral features and
spatial features both contribute to better e®ect. As
for ¯ve kinds of healthy leukocytes, they di®er a lot
in the spatial features of nuclei such as lobulation
and area. In this case, the use of spectral feature is
mainly for higher precision.

But for abnormal leukocyte, the situation chan-
ges. Take the lymphoblast discussed above as an
example, according to the spatial feature only, al-
though the morphology of lymphoblast obviously
di®ers from that of other four kinds of healthy leu-
kocytes, the lymphoblast and lymphocyte slightly
make a di®erence. As shown in the ¯rst and sixth
row of Fig. 6, the nuclei of both types of cells have

Table 1. Spectral matching score from the test.

Class std BA std EO std NE std M std LY

BA 0.98
EO 0.96
NE 0.98
M 0.98
LY 0.96
lymphoblast 0.277 0.239 0.247 0.255 0.259

X. Hu et al.
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no lobes, accounting for the vast majority of cell.
Their nuclei are shaped like a circle, surrounded
with a small area of cytoplasms. It is worth men-
tioning that the boundary of lymphocyte's nucleus
is smoother than that of lymphoblast's nucleus, but
this feature lacks in reliability for classi¯cation.

However, lymphoblasts and lymphocytes show
signi¯cant di®erences in their ability of light
absorption and re°ection. It is clear in Table 1 that
the probability of lymphoblasts being judged
as standard lymphocytes is only 25.9% from
the perspective of the spectra, while the probability

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 6. (a), (d), (g), (j), (m) and (p) Hyperspectral images of lymphocyte, eosinophil, neutrophil, monocyte basophil and
lymphoblast; (b), (e), (h), (k), (n) and (q) Binary images of the corresponding nucleus; (c), (f), (i), (l), (o) and (r) Binary images of
the corresponding cytoplasm.

Spatial-spectral identi¯cation of abnormal leukocytes
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of lymphocytes being judged as standard lympho-
cytes is 96.0%. Therefore, compared with the
color image recognition technology based only
on spatial features, the presence of spectral
features can signi¯cantly improve the accuracy of
recognition.

According to the above analysis results, we select
the spectral, shape and texture features of nuclei to
be the sample attributes. For optimal classi¯cation
result, a Majority/Minority Analysis tool is adopted
to eliminate some misclassi¯ed small plaques. With
the applying of Majority Analysis, the center pixel
value in the kernel is replaced by the value that the
majority of the pixels have. The kernel size in this
step is set as 3� 3. In order to ¯nd the best way to
classify, there are four di®erent methods used in this
paper for comparison, which are k-Nearest Neighbor
algorithm (KNN), Principal Component Analysis
algorithm (PCA) and Support Vector Machine al-
gorithm (SVM). On account of the fact that the
selection of SVM kernel type is related to the e®ect
of processing directly, the radial-basis, polynomial,
linear and sigmoid kernel are utilized separately for
comparison. To measure the classi¯cation perfor-
mance, the confusion matrix, sensitivity, speci¯city
and overall accuracy of each class are computed for
quantitatively evaluation. Equations (12)–(14) are

used to calculate the sensitivity, speci¯city and
accuracy, respectively.

Sensitivity ¼ TP

TPþ FN
; ð12Þ

Specificity ¼ TN

TNþ FP
; ð13Þ

Accuracy ¼ TPþ TN

TPþ TNþ FPþ FN
; ð14Þ

where TP represents the true positive, TN repre-
sents the true negative, FP represents the false
positive, and FN represents the false negative. For
example, if the type we are going to judge is the
nucleus. True positives (TP) express the number of
regions judged as nucleus by both the classi¯cation
system and the expert at the same time. False
positives (FP) indicate the number of regions that
the classi¯cation system diagnoses as others while
the expert diagnoses it as nucleus. False positives
(FP) represent the number of regions which the
classi¯cation system judges as others, but the expert
judges as nucleus. False negative (FN) indicates the
number of regions diagnosed as others by both the
expert and the classi¯cation system. OA only con-
siders the number of regions that are diagnosed

(m) (n) (o)

(p) (q) (r)

Fig. 6. (Continued )

X. Hu et al.
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correctly in the diagonal direction so that Kappa
coe±cient is taken into account too, which
re°ects overall consistency and classi¯cation
consistency through discussing the regions outside
the diagonal. The calculated values are shown in
Table 2.

According to Table 2, the OA of the SVM clas-
si¯cation outclasses that of others, and the Kappa
coe±cient is approximate to 1, especially for
the SVM based on radial basis kernel. Hence, the
classi¯cation method we adopt in this paper is
the radial basis-based SVM. Consequently, based
on the above discussion, we achieved accurate iden-
ti¯cation of healthy and abnormal leukocytes
by combining spectral analysis with spatial analysis
and applying the radial basis-based SVM. However,
due to the scarcity of abnormal leukocyte data,
this paper cannot measure the classi¯cation e®ect
accurately. The application of this method in
abnormal leukocyte identi¯cation is the focus of sub-
sequent research.

4. Conclusion

Leukocyte is the important component in the im-
mune system, and the presence of abnormal leuko-
cytes often indicates a series of diseases, thus the
identi¯cation of leukocytes is vital for the diagnosis
of leukemia and other immune diseases. The clas-
si¯cation of leukocytes used to be performed man-
ually by pathologists, which is a time-consuming
and inaccurate process. This paper proposes a
method for identifying leukocytes based on HSI
technology. First, the image is preprocessed to
eliminate interference and noise. Then, the image
segmentation is performed by the method based on
MWA. Moreover, we compare the three classi¯ca-
tion methods of SVM, KNN, and PCA, and the
results prove the accuracy of SVM. Comparing the
performance of three kinds of SVM based on various

kernel functions, we ¯nd that the radial basis-based
SVM is the most suitable one. Thus, the supervised
classi¯cation of images was realized by applying
SVM based on radial basis. For abnormal leuko-
cytes, their deterioration is mainly due to changes
in the chromatin distributions, which signi¯cantly
a®ect their absorption and re°ection of light of
di®erent wavelength, therefore, spectral feature
plays a decisive role in the accurate recognition
of abnormal leukocytes. We combine the spectral
features and spatial features and input to the
SVM classi¯er, achieving better classi¯cation perfor-
mance. In addition, in the postclassi¯cation proces-
sing of the image, the majority/minority analysis is
performed to remove the small spots and quantitative
analysis is carried on. In this paper, a large number of
hyperspectral images of blood cells were processed,
and both the spectral and spatial information was
used to correctly identify the healthy leukocytes and
lymphoblast cells, which are di±cult to distinguish
by naked eyes. Lymphoblast cells are similar in
morphology to healthy ones, but have signi¯cant
spectral changes, Thus, the proposed method can
be applied for the diagnosis of ALL and other blood
diseases, performing better than other methods
based on spatial features only. There are still
some limitations and errors in this paper. In the
future, more data and algorithms need to be studied
further.
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