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A distinguishing characteristic of normal and cancer cells is the di®erence in their nuclear
chromatin content and distribution. This di®erence can be revealed by the transmission spectra
of nuclei stained with a pH-sensitive stain. Here, we used hematoxylin–eosin (HE) to stain
hepatic carcinoma tissues and obtained spectral–spatial data from their nuclei using hyper-
spectral microscopy. The transmission spectra of the nuclei were then used to train a support
vector machine (SVM) model for cell classi¯cation. Especially, we found that the chromatin
distribution in cancer cells is more uniform, because of which the correlation coe±cients for the
spectra at di®erent points in their nuclei are higher. Consequently, we exploited this feature to
improve the SVM model. The sensitivity and speci¯city for the identi¯cation of cancer cells could
be increased to 99% and 98%, respectively. We also designed an image-processing method for the
extraction of information from cell nuclei to automate the identi¯cation process.
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1. Introduction

Existing data suggest that, on average, approxi-
mately 14.1 million new cancer cases are registered
each year1 and more than 90 million individuals are
diagnosed with cancer all over the world.2 Because
of its high metastasis rate, cancer is very di±cult to
prevent and cure. Until 2017, the mortality rate of
cancer was greater than 17.5%.3 Various methods
have been developed to image tumors in the human
body, such as computed tomography (CT), mag-
netic resonance imaging (MRI), and positron emis-
sion tomography (PET), to name a few. Moreover,
biopsy samples and speci¯c microscopic technolo-
gies are also needed to analyze the characteristics of
the tumors at cellular level and identify whether
they are cancerous or not. Usually, researchers or
doctors identify cancer cells based on their mor-
phologic features using a microscope. Though this is
the most convenient and intuitive way of classifying
normal/cancer cells, the accuracy of this classi¯ca-
tion process depends to a very large extent on the
personal experience of the classi¯er. In recent years,
increasingly advanced technologies have been used
for cell classi¯cation, such as laser scanning confocal
microscopy,4 electron microscopy5 and coherent
anti-Stokes Raman scattering.6 These methods can
yield signi¯cant quantitative information from
biopsy samples. However, they remain to be opti-
mized in terms of cost and complexity.

Hyperspectral imaging (HSI) is an alternative
method for biological detection7 and has the ad-
vantage of simultaneously providing spectral and
spatial data related to the imaged sample. Hence, it
is already being used for the identi¯cation and
analysis of cancer cells.8–11 Usually, we collect the
spectral information of the normal cells and the
cancer cells independently with an HSI system to
¯nd out the di®erences of them for the classi¯cation.
However, one major limitation of HSI is the di±-
culty of obtaining e®ective information from biopsy
samples. In most cases, the slides of human tissues
used for imaging do not exhibit strong self-°uores-
cence and are so thin that they can barely absorb
any of the light propagating through them. There-
fore, it is di±cult to obtain their °uorescence/
transmission spectra. In most previous studies on
the imaging of cancer cells using HSI, a staining
treatment had to be performed on the samples.12–14

However, the speci¯city of the spectra of stained
samples is relatively low. When stained under the

same conditions, normal and cancer cells exhibit
similar spectral responses, making them indistin-
guishable. Even if one uses the immuno°uorescence
technique to stain only the cancer cells, some nor-
mal cells are also inevitably stained and may end up
being labeled as cancer cells.15 Thus, the di®erences
in their spectra are too small to allow for classi¯-
cation using a parametric method. Hence, an
adaptive algorithm, such as the Fisher algorithm,16

back propagation neural network,17 or support
vector machine (SVM),18 must be used to determine
the optimal criterion for automatic classi¯cation of
the hyperspectral data. Being nonparametric
methods, adaptive algorithms can sometimes
wrongly treat the individual di®erences within
samples as di®erences between normal and cancer
cells during the training process. This can adversely
a®ect the classi¯cation process when the individual
cell di®erences are more signi¯cant than those
between normal and cancer cells.

Obviously, selecting the proper stain that indu-
ces spectral characteristics that re°ect the di®er-
ences that exist between normal and cancer cell is
an e®ective way of limiting the e®ects of the indi-
vidual di®erences. Medical research has shown that
the chromatin content of cancer cells is signi¯cantly
higher and that the chromatins are distributed
uniformly within the entire nucleus.19 Given that
the pH of the nucleus is sensitive to its chromatin
content, the spectra of the nuclei of normal and
cancer cells would be di®erent when the samples are
stained with a pH-sensitive stain. Relying on this
recognized distinction between normal and cancer
cells, researchers used hematoxylin–eosin (HE) to
stain tissue samples and investigated the spectral
properties of their nuclei.20–22 Yet, almost all rela-
tive studies focused on the spectral di®erences be-
tween the nuclei of the normal and the cancer cells;
few of them concerned on the spectral features at
di®erence points in a same nucleus. In this research,
we take the spectral properties inside nucleus into
investigation. To begin with, we found that there is
a stable and signi¯cant di®erence in the transmis-
sion spectra of HE-stained normal and cancer cells.
Secondly, we found that the chromatin distribution
in cancer cells is more uniform than that in normal
cells. Thus, the correlation between the spectra at
di®erent points in the nucleus of a cancer cell is
higher than that in the case of a normal cell. In this
study, we trained an SVM model on the transmis-
sion spectra of the nuclei of normal and cancer cells
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and used it to classify the cells. The correlation
coe±cients for the spectra at di®erent points within
the same nucleus were used to correct the classi¯-
cation results. Slides of hepatic carcinoma tissue
were used to evaluate the classi¯cation system. The
results revealed that the sensitivity and speci¯city
of the proposed method for classifying cancer cells
were as high as 99% and 98%, respectively. Fur-
thermore, we also designed an image-processing
method to automatically extract information from
the nuclei for the identi¯cation process.

2. System and Samples Used

2.1. System

As shown in Fig. 1(a), the main component of the
hyperspectral microscopy system is an inverted
microscope (ECLIPSE Ti-U, Nikon). A halogen
lamp with a temperature-color-balancing daylight
¯lter for 3200K is used as the light source and
a liquid crystal tunable ¯lter (LCTF) (VariSpec
VIS, CRI Inc.) combined with a 16-bit comple-
mentary metal oxide semiconductor (CMOS)

camera (ORCA-Flash 4.0 LT C11440-42U,
HAMAMATSU) is used to capture the spectral
images. When the broadband light from the source
reaches the test sample, a portion of it is absorbed
while the rest that passes through the sample is
¯ltered by the LCTF and is subsequently imaged by
the CMOS. Since the LCTF is a two dimension
bandpass ¯lter, a whisk broom (point-scanning) or
push broom (line-scanning) instrument is not
needed to acquire spatial information from the
sample.

A control program is used to coordinate the
CMOS camera with the LCTF and allow wave-
length scanning. By changing the voltage of the
LCTF continually, one can obtain grayscale images
at each wavelength over the entire spectral range of
420–720 nm with a maximum spectral resolution of
2 nm. These images are stored in a band-sequential
format and are transformed into a spectral cube
containing both spectral and spatial information
(Fig. 1(b)). From these spectral cubes, we can ex-
tract the spectral information (Fig. 1(c)) at any
point in the region of interest (ROI) of the sample.

2.2. Samples

Ten slides of hepatic carcinoma tissue samples were
extracted from di®erent patients and 10 slides of
normal hepatic tissue samples were used in the
study for the classi¯cation of normal/cancer cells
using HSI. All the samples were provided by Wuhan
Servicebio Technology Co., Ltd. The samples were
processed as per the following steps: ¯rst, they were
sequentially immersed in dimethylbenzene (20min),
absolute ethyl alcohol (20min), 75% alcohol
(5min), and deionized water (5min) to remove the
para±n that was used to ¯x them. Then, they were
stained with hematoxylin (5min) and eosin (5min).
Finally, they were dehydrated and ¯xed onto the
slides. A quick microscopic examination con¯rmed
that all the slides contained abundant normal and
cancer cells in the ¯eld of view (FOV).

3. Method and Results

3.1. Acquisition of transmission

spectra

HE stains are sensitive to the chromatin content, and
even a small change in the chromatin content can
lead to variations in the transmission characteristics

Fig. 1. HIS system and data that obtained using it. (a)
Hyperspectral microscopy system. (b) Data cubes obtained
using shown system. x and y represent spatial dimensions while
� represents spectral dimension. (c) Transmission spectrum at
random pixel in image.

Classi¯cation of hyperspectral images for detection of hepatic carcinoma cells
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of the nucleus. Considering that there are signi¯-
cant di®erences in the chromatin contents of normal
and cancer cells, their transmission spectra will also
be di®erent once the cells have been stained with
HE. Therefore, the transmission spectra of the nu-
clei of cells stained with HE can be used to classify
the cells as normal/cancer cells. In this study, we
obtained the spectral data in the form of data cubes
corresponding to wavelengths of 460–720 nm and a
spectral resolution of 2 nm and extracted the
transmission spectra of the nuclei for classi¯cation.

To obtain the transmission spectrum corre-
sponding to any given pixel, one needs to not only
extract the spectral information of that pixel but
also obtain the spectral information of the back-
ground (see Fig. 2(a)). The transmittance of a pixel
at a certain wavelength is de¯ned as follows:

T ð�Þ ¼ Ið�Þsample

Ið�Þbackground
; ð1Þ

where T ð�Þ represents the transmittance of the
pixel, which depends on the wavelength, �. Because
the grayscale level of the pixel is proportional to the
light intensity, here Ið�Þsample and Ið�Þbackground are
the grayscale values (intensities) of the target point
(e.g., P1 and P2 in Fig. 2(a)) and the background
point (e.g., background in Fig. 2(a)), respectively,
at wavelength �. By calculating the transmittance
at each wavelength, we could obtain the transmis-
sion spectrum of any given pixel (Fig. 2(b)).

To collect the spectral data from the cancer cells
for the adaptive algorithm with precision, we cap-
tured hyperspectral images of the slides using a
relatively large FOV; this was accomplished by
using a 20� in¯nity-corrected microscope objective
while making sure that there was at least one cancer
nest in the FOV. A cancer nest is a mass of cancer
cells expanding from a common center, as shown as
Fig. 3; the boundary between the normal tissue and
the cancer nest can be seen clearly in the ¯gure.
This helped us to locate the cancer cells and extract
the transmission spectra of their nuclei with preci-
sion. Moreover, all selected cancer cells were pre-
identi¯ed by the pathological examination. The
transmission spectra of the nuclei of normal cells
were extracted from the slides of the normal tissue
samples.

By imaging 100 normal cells and 100 cancer cells,
the average transmission spectra of the HE-stained
nuclei could be computed, as illustrated in Fig. 4(a).
One can see that the standard deviation (SD) of the
transmission spectra was relatively high; this was
because of the signi¯cant di®erences between the
individual cells. Though this deviation resulted in
the overlapping of the transmission spectra of the
normal and cancer cells, signi¯cant di®erences in the
spectra can still be observed in the 570–660 nm range.

(a)

(b)

Fig. 2. Acquisition of transmittance spectrum. (a) Intensities
of background point and target points as functions of wave-
length. The inset depicts the target points (P1 and P2) and
background point in image. (b) Transmittance spectra of target
points.

Fig. 3. Diagrammatic sketch of tissue with normal and cancer
cells and cancer nest captured using HSI system.
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To take full advantage of the spectral and spatial
information obtained using the HSI system, the
transmission properties of di®erent points within
the same nucleus were investigated. We extracted
the transmission spectra at two points within the
same nucleus and calculated their correlation coef-
¯cient using the following formula:

rðX;Y Þ ¼ CovðX;Y Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var½X�Var½Y �p ; ð2Þ

where r presents the correlation coe±cient of the
transmission spectra and X and Y present the
transmission spectra at the two points within
the same nucleus.

As shown in Fig. 4(b), we selected two points
randomly in the nuclei of the normal and cancer cells
while ensuring that their distance, d, was greater
than half the minor axis of the nuclei, rmin. Next, we
obtained their transmission spectra and calculated
the correlation coe±cients (Figs. 4(c) and 4(d)).
Based on the calculation results for 500 normal cells
and 500 cancer cells, we found that the correlation
coe±cients for the cancer cells were all higher than
0.994 while these for the normal cells were all lower
than 0.958. This was because of the di®erences in the
chromatin distributions within the nuclei of normal
and cancer cells. Cancer cells often contain too much
chromatin which is spread everywhere within the
nucleus. This ensures that in the case of cancer cells,
di®erent points within the same nucleus exhibit
similar transmission characteristics. On the other
hand, the distribution of chromatin within the nu-
clei of normal cell is uneven which results in signi¯-
cant di®erences in the transmission spectra of
di®erent points within the same nucleus. This dif-
ference between normal and cancer cell was exploi-
ted in the proposed classi¯cation system.

3.2. Model training and testing

An SVM model was used to classify the normal and
cancer cells based on the transmission spectra of
their nuclei. The SVM is a kernel-based machine
learning technique whose advantages include a
strong theoretical foundation, high degree of
generalization, and low sensitivity to a curse of
dimensionality.23 As a supervised classi¯cation
method, the SVM model requires a large number of
standard samples for model training. In this study,
1000 nuclei of diagnosed cancer cells were selected
from ¯ve slides of hepatic carcinoma tissue samples,
and their transmission spectra at two random
points were obtained. Similarly, the transmission
spectra at two points in 1000 nuclei of diagnosed
normal cells were also extracted from ¯ve slides of
normal hepatic tissue samples. These data were
used for training the model.

Next, a dataset consisting of the transmission
spectra of nuclei of 100 cancer cells and 100 normal
cells was employed to evaluate the SVM model; this
dataset was obtained from other ¯ve slides of he-
patic carcinoma tissue samples and ¯ve slides of
normal hepatic tissue samples and contained no
training data. The obtained classi¯cation results are
listed in Table 1 which shows the values of two key
parameters: the sensitivity (SEN) and the speci¯c-
ity (SPEC). SEN is a measure of the proportion of
positives identi¯ed correctly, while SPEC is a
measure of the proportion of negatives identi¯ed
correctly. They are de¯ned by the formulas shown
below12:

SEN ¼ TP

TPþ FN
; ð3Þ

SPEC ¼ TN

TNþ FP
; ð4Þ

Fig. 4. (a) Average transmission spectra of cancer and normal cells. (b) Points in nucleus of cancer cell (P1 and P2) and normal cell
(P3 and P4) whose transmission spectra were measured. (c) Transmission spectra at P1 and P2 and their correlation coe±cient. (d)
Transmission spectra at P3 and P4 and their correlation coe±cient.

Classi¯cation of hyperspectral images for detection of hepatic carcinoma cells
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where TP, TN, FN, and FP present the number of
true positives, number of true negatives, number of
false negatives, and number of false positives,
respectively.

According to Table 1, SEN for the cancer cells
and SPEC for the normal cells were 99% and
98.85%, respectively, which were much higher than
SPEC for the cancer cells and SEN for the normal
cells. This is because many normal cells were
wrongly identi¯ed as cancer cells. Considering that
the chromatin distribution within the nuclei of
normal cell is uneven, the chromatin content at
several points within the nuclei of normal cells can
be as high as that in the nuclei of cancer cells. This
is what led to the inaccurate classi¯cations.

To solve this problem, the di®erences in the
chromatin distributions of normal and cancer cells
were used to correct the model. This was done using
the program shown in Fig. 5. To begin with, the
program extracted the transmission spectrum at
one point within the nucleus of a cell and classi¯ed
that cell based on the SVM model. If this point was
identi¯ed as belonging to a normal cell, the program
ended. Otherwise, the program extracted the
transmission spectrum at a di®erent point within
the same nucleus (d > rminÞ, calculated the corre-
lation coe±cient of the transmission spectra of the
two points, and performed classi¯cation based on
the value of the correlation coe±cient. If the cor-
relation coe±cient was higher than 0.994, which
was set based on the results for 500 samples, the cell
was identi¯ed as a cancer cell, otherwise it was
identi¯ed as a normal cell.

We used 100 cancer cells and 100 normal cells that
were not included in the training dataset to evaluate
the corrected classi¯cation system; the results are
shown in Table 2. It can be seen that the classi¯ca-
tion accuracy improved signi¯cantly with this pro-
gram. For instance, SEN and SPEC for the cancer
cells increased to 99% and 98.01%, respectively.

In 2008, Answer Siddiqi et al. presented an iden-
ti¯cation of normal, precancerous, and cancerous

squamous cell via HSI.9 The sensitivity for cancer-
ous squamous cell based on the spectral signature-
based method was 98.6%. In 2012, Akbari et al.
used an HSI system and the SVM model to identify
the cancer cells in lung tissue and lymph node tis-
sue.24 Without any correction for the SVM model,
they obtained a sensitivity and speci¯city of 92.6%
and 97.7% for lung tissue, and 96.2% and 98.3% for
lymph node tissue, respectively. Comparing with
these SVM-based classi¯cations for HE stained
cancer cells, our method showed a relatively high
sensitivity and speci¯city. Moreover, the identi¯-
cation of hepatic carcinoma cells with our method

Table 1. Classi¯cation results obtained using SVM model.

Actual Cancer cells Normal cells SEN (%)

Cancer cells 99 1 99%
Normal cells 14 86 86%
SPEC (%) 87.61% 98.85%

Note: SEN: sensitivity and SPEC: speci¯city.

Fig. 5. Flowchart of program used to correct classi¯cation
model.

Table 2. Classi¯cation results obtained using SVM
model corrected based on di®erences in chromatin
distributions of normal and cancer cells.

Actual Cancer cell Normal cell SEN (%)

Cancer cell 99 1 99%
Normal cell 2 98 98%
SPEC (%) 98.01% 98.99%

Notes: SEN: sensitivity and SPEC: speci¯city.

Y. Chen et al.
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was better than that with the convolutional neural
network algorithm.25

However, there are some limitations of this
classi¯cation method. The threshold for the corre-
lation coe±cient was set based on the results for
500 samples. The precision would be higher if more
samples were to be considered. In addition, only
the transmission spectra at two points within the

nucleus were used for the classi¯cation process.
Hence, they would not be re°ective of the entire
nucleus.

3.3. Automatic classi¯cation

For practical data analysis, one must be able to
classify all the cells in the FOV. This cannot be done
manually. In this study, each spectral cube con-
tained 130 single-band images with a resolution of
2048� 2048 pixels. Hence, the total number of data
points exceeded 545 million. Even if one were to
scan all the points automatically, the computational
cost would be very high. Since the proposed classi-
¯cation method only focuses on the nuclei, it does
not need to identify all the points in the FOV. To
reduce the computational cost and classify all the
cells rapidly, a binarization algorithm was used to
separate the nuclei from the background. The pro-
gram is suitable only for classifying selected points
within the nuclei and removes the background by
assuming it to consist of none®ective points.

The binarization process is based on the di®er-
ence in the grayscale levels of the nuclei and the
background: the greater the di®erence is, the more
e®ective the binarization process will be. Therefore,
we looked for an appropriate single-band image that
exhibited the greatest di®erence in the grayscale
levels of the nuclei and the interstitial areas. As can
be seen from Fig. 6, the largest di®erence in the
grayscale levels was observed when the wavelength
was 580 nm. Hence, the single-band image corre-
sponding to the wavelength of 580 nm was used for
the binarization process.

The original image for the wavelength of 580 nm
is shown in Fig. 7(a). Before the binarization

(a)

(b)

Fig. 6. (a) Points in cancer cell (P1), normal cell (P2),
interstitial area in cancer nest (P3), and interstitial area in
normal tissue (P4). (b) Transmission spectra at P1, P2, P3,
and P4.

Fig. 7. Automatic classi¯cation of normal and cancer cells. (a) Single-band image for wavelength of 580 nm. (b) Single-band image
for wavelength of 580 nm after contrast enhancement. (c) Post-binarization image. Selected points in each nucleus are labeled in
green and blue. (d) Pseudocolor image after classi¯cation. Nuclei of normal and cancer cells are labeled in green and red,
respectively.

Classi¯cation of hyperspectral images for detection of hepatic carcinoma cells
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process, we enhanced the contrast of the image to
increase the di®erence between the nuclei and in-
terstitial areas (Fig. 7(b)). Then, all the points in
the image were classi¯ed into two types based on a
certain threshold. If the greyscale value of a point
was higher than the threshold, the point was labeled
as 0; otherwise, it was labeled as 1. The post-
binarization image is shown in Fig. 7(c). Next, we
used the connected-region algorithm26 to label each
nucleus. After that, the above-described program
was used to select two points within each nucleus
(Fig. 7(c)) and obtain their transmission spectra
which were then used for classi¯cation using the
SVM model and the di®erences in the chromatin
distributions of normal and cancer cells. For more
intuitive visualization, the classi¯ed pixels were ¯l-
led with di®erent pseudocolors. As shown in Fig. 7
(d), the nuclei of the cancer cells are labeled as red
while those of the normal cells were labeled as green.

The boundary between the cancer nest and nor-
mal tissue can be seen clearly in Fig. 7(d). Further,
only a few nuclei were incorrectly identi¯ed. When
the transmission spectra of only two points within
the nucleus are used, classi¯cation is performed
based on limited information, resulting in errors.
However, most of the normal and cancer cells could
be labeled automatically and precisely using the
proposed classi¯cation method.

4. Conclusion

In this study, normal and cancer tissue samples
were stained with HE, so that the spectral and
spatial features of their nuclei could be determined
in order to elucidate the di®erences in their chro-
matin content and distribution. The classi¯cation of
hepatic carcinoma cells based on the spectral and
spatial features of the nuclei could be performed
successfully using the proposed method which
exhibited high sensitivity (99%) and speci¯city
(98%). Given that this classi¯cation method is
based on the known di®erences between most types
of normal and cancer cells, we believe that it has
great potential for diagnosing various types of
cancers.

Con°ict of Interest

The authors declare that there are no con°icts of
interest related to this article.

Acknowledgments

This paper was supported by the National Key
Research and Development Program of China
(2017YFB1104500), National Natural Science
Foundation of China (61605062, 61735005 and
11704155), Science andTechnology Planning Project
of Guangdong Province (2018B030323017), Re-
search Project of Scienti¯c Research Cultivation and
Innovation Fund of Jinan University (11617329),
and Guangzhou Science and Technology Project
(201903010042 and 201904010294).

References

1. H. Wang, M. Naghavi, C. Allen, R. M. Barber, Z. A.
Bhutta, A. Carter, D. C. Casey, F. J. Charlson,
A. Z. Chen, M. M. J. T. l. Coates, \Global, regional,
and national life expectancy, all-cause mortality,
and cause-speci¯c mortality for 249 causes of death,
1980–2015: A systematic analysis for the Global
Burden of Disease Study 2015," Lancet 388(10053),
1459–1544 (2016).

2. T. Vos, C. Allen, M. Arora, R. M. Barber, Z. A.
Bhutta, A. Brown, A. Carter, D. C. Casey, F. J.
Charlson, A. Z. J. T. L. Chen, \Global, regional, and
national incidence, prevalence, and years lived with
disability for 310 diseases and injuries, 1990–2015:
A systematic analysis for the Global Burden of
Disease Study 2015," Lancet 388(10053), 1545–
1602 (2016).

3. W. Bernard, B. W. Stewart and C. P. Wild, World
cancer report, ISBN 978-92-832-0429-9 (2014).

4. R. Kiesslich, J. Burg, M. Vieth, J. Gnaendiger,
M. Enders, P. Delaney, A. Polglase, W. McLaren,
D. Janell, S. J. G. Thomas, \Confocal laser endos-
copy for diagnosing intraepithelial neoplasias and
colorectal cancer in vivo," Gastroenterology 127(3),
706–713 (2004).

5. J. B. Jacobs, M. Arai, S. M. Cohen, G. H. J. C. R.
Friedell, \Early lesions in experimental bladder
cancer: Scanning electron microscopy of cell surface
markers," Cancer Res. 36(7 Part 2), 2512–2517
(1976).

6. T. T. Le, T. B. Hu®, J.-X. J. B. C. Cheng, \Coherent
anti-Stokes Raman scattering imaging of lipids in
cancer metastasis," BMC Cancer 9(1), 42 (2009).

7. G. Lu, B. J. J. O. B. O. Fei, Medical hyperspectral
imaging: A review, J. Biomed. Opt. 19(1), 010901
(2014).

8. K. Masood, N. Rajpoot, K. Rajpoot, H. Qureshi,
\Hyperspectral colon tissue classi¯cation using
morphological analysis," in 2006 Int. Conf. Emerg-
ing Technologies (IEEE, 2006), pp. 735–741.

Y. Chen et al.

2050002-8

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.



9. A. M. Siddiqi, H. Li, F. Faruque, W. Williams, K.
Lai, M. Hughson, S. Bigler, J. Beach, W. J. C. C. I.
I. J. O. T. A. C. S. Johnson, \Use of hyperspectral
imaging to distinguish normal, precancerous, and
cancerous cells," Cancer Cytopathol. 114(1), 13–21
(2008).

10. Q. Wang, J. Wang, M. Zhou, Q. Li, Y. J. B. O. E.
Wang, \Spectral-spatial feature-based neural net-
work method for acute lymphoblastic leukemia cell
identi¯cation via microscopic hyperspectral imaging
technology," Biomed. Opt. Exp. 8(6), 3017–3028
(2017).

11. G. L. Spicer, L. Almassalha, I. A. Martinez, R. Ellis,
J. E. Chandler, S. Gladstein, D. Zhang, S. Feder,
H. Subramanian, R. J. N. De La Rica, \Label free
localization of nanoparticles in live cancer cells using
spectroscopic microscopy," Nanoscale 10(40),
19125–19130 (2018).

12. H. Akbari, L. Halig, D. M. Schuster, B. Fei,
A. Osunkoya, V. Master, P. Nieh, G. Z. Chen,
B. Fei, \Hyperspectral imaging and quantitative
analysis for prostate cancer detection," J. Biomed.
Opt. 17(7), 076005 (2012).

13. N. Kumar, P. Uppala, K. Duddu, H. Sreedhar,
V. Varma, G. Guzman, M. Walsh, A. Sethi,
\Hyperspectral tissue image segmentation using
semi-supervised NMF and hierarchical clustering,"
IEEE Trans. Med. Imaging 38(5), 1304–1313
(2018).

14. T. M. Pereira, D. M. Zezell, B. Bird, M. Miljković,
M. J. A. Diem, \The characterization of normal
thyroid tissue by micro-FTIR spectroscopy," Ana-
lyst 138(23), 7094–7100 (2013).

15. J. Matsuo, S. Kimura, A. Yamamura, C. P. Koh,
M. Z. Hossain, D. L. Heng, K. Kohu, D. C.-C. Voon,
H. Hiai, M. J. G. Unno, \Identi¯cation of stem cells
in the epithelium of the stomach corpus and antrum
of mice," Gastroenterology 152(1), 218–231, e214
(2017).

16. S. Lin, X. Bi, S. Zhu, H. Yin, Z. Li, C. Chen, \Dual-
type hyperspectral microscopic imaging for the
identi¯cation and analysis of intestinal fungi,"
Biomed. Opt. Express 9(9), 4496–4508 (2018).

17. S. Zhu, K. Su, Y. Liu, H. Yin, Z. Li, F. Huang,
Z. Chen, W. Chen, G. Zhang, Y. Chen,

\Identi¯cation of cancerous gastric cells based on
common features extracted from hyperspectral
microscopic images," Biomed. Opt. Exp. 6(4),
1135–1145 (2015).

18. X. Bi, S. Lin, S. Zhu, H. Yin, Z. Li, Z. Chen, \Species
identi¯cation and survival competition analysis of
microalgae via hyperspectral microscopic images,"
Optik 176, 191–197 (2019).

19. Z. Dou, K. Ghosh, M. G. Vizioli, J. Zhu, P. Sen,
K. J. Wangensteen, J. Simithy, Y. Lan, Y. Lin,
Z. J. N. Zhou, \Cytoplasmic chromatin triggers in-
°ammation in senescence and cancer," Nature 550
(7676), 402 (2017).

20. L. E. Boucheron, Z. Bi, N. R. Harvey, B. S. Man-
junath, D. L. Rimm, \Utility of multispectral im-
aging for nuclear classi¯cation of routine clinical
histopathology imagery," BMC Cell Biol. 8(1), S8
(2007).

21. D. T. Dicker, J. Lerner, P. Van Belle, D. Guerry,
M. Herlyn, D. E. Elder, W. S. El-Deiry,
\Di®erentiation of normal skin and melanoma using
high resolution hyperspectral imaging," Cancer
Biol. Ther. 5(8), 1033–1038 (2006).

22. K. Masood, N. Rajpoot, M. Nasir, \Classi¯cation of
colon biopsy samples by spatial analysis of a single
spectral band from its hyperspectral cube," Proc.
Med. Image Understanding Anal. (MIUA), 42–48
(2007).

23. G. Hughes, \On the mean accuracy of statistical
pattern recognizers," IEEE Trans. Inf. Theory
14(1), 55–63 (1968).

24. Z. G. Chen, B. Fei, \Detection of cancer metastasis
using a novel macroscopic hyperspectral method,"
Med. Imaging 2012 Biomed. Appl. Molecular,
Structural, and Functional Imaging 8317, 831711
(2012).

25. R. Wang, Y. He, C. Yao, S. Wang, Y. Xue,
Z. Zhang, X. Liu, \Classi¯cation and segmentation
of hyperspectral data of hepatocellular carcinoma
samples using 1-D convolutional neural network,"
Cytometry Part A (2019), https://doi.org/10.1002/
cyto.a.23871.

26. C. Cao, Y. Li, \Fast algorithm for connected region
labeling of binary image," Sci. Tech. Eng. 33, 8168–
8171 (2010).

Classi¯cation of hyperspectral images for detection of hepatic carcinoma cells

2050002-9

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.


	Classification of hyperspectral images for detection of hepatic carcinoma cells based on spectral&ndash;spatial features of nucleus
	1. Introduction
	2. System and Samples Used
	2.1. System
	2.2. Samples

	3. Method and Results
	3.1. Acquisition of transmission spectra
	3.2. Model training and testing
	3.3. Automatic classification

	4. Conclusion
	Conflict of Interest
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


