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Abstract
Metastasis is responsible for 90% of all cancer-related deaths in humans, and the development of a rapid and promising solution
for an early diagnosis of metastasis is required. The present study proposed a promising method combined with scanned laser
pico-projection technique and typical texture feature (i.e., contrast, correlation, energy, entropy, and homogeneity) extraction of
gray-level co-occurrence matrix (GLCM) image processing model to classify the low- and high-metastatic cancer cells using five
common cancer adenocarcinoma cell line pairs (i.e., HeLa/HeLa-S3, CL1-0/CL1-5, OVTW59-P0/OVTW59-P4, and CE81T-
FNlow/CE81T-FNhigh cell lines). Highly metastatic cancer cells essentially have the highest levels of disorder. Both contrast and
entropy refer to the degree of disorder, and energy and homogeneity refer to the degree of uniformity. These four texture features
can be effective evaluation indexes for disorder in cancer cells responding to metastatic ability. Texture feature extraction forms
reflection images, which are recorded with scanned laser pico-projection system; they effectively bridge the gap in information
derived from transmission images. The low- and high-metastatic cancer cells are statistically and effectively classified from the
texture feature of GLCM through transmission and reflection images taken with scanned laser pico-projection system. In
particular, it only requires several seconds after producing a confluent monolayer of cells and achieves the rapid method with
a more reliable diagnostic performance for metastatic ability of cancer cells in vitro or ex vivo.
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Introduction

Metastasis is a cancer-aggravated situation and causes treat-
ment failures for 90% of all cancer-related deaths [1].
Metastasis means that cancer cells break away from the pri-
mary tumor site, travel throughout the body via the blood-
stream or the lymphatic system, and initiate new growths at
distant sites [2]. In clinical cases, many medical imaging tech-
niques have been used to diagnose metastatic cancers, includ-
ing X-rays, computed tomography, positron emission tomog-
raphy, ultrasonography, and magnetic resonance imaging [3].
However, these techniques can only capture the images of
cancer which have already moved to the second region from

the original site by metastasis. If metastasis has already oc-
curred, such techniques are not effective in prevention by
predicting the metastatic ability of the cancer. Metastasis is a
complex process involving cell proliferation, motility, and in-
vasion. Therefore, the estimation of cell migration is a tradi-
tional method to evaluate the metastatic tendency of cancer
cells. Wound healing assay is a typical test for cell migration,
which requires at least 24 h after producing a confluent mono-
layer of cells [4]. A rapid and promising solution for the early
diagnosis of metastasis needs to be developed.

Gray-level co-occurrence matrix (GLCM) was used by D.
Molina et al. [5] to analyze the medical imaging on brain
tumor heterogeneity obtained from magnetic resonance imag-
ing and find its potential relationship with tumor malignancy
(H. Zhou et al. [6]), extracting radiomic data from CT images
of patients with lung cancer. Features are extracted from with-
in the defined tumor contours on the CT images, quantifying
tumor intensity, shape, texture, andGabor and wavelet texture.
GLCM provides a general statistical method for texture rec-
ognition of images [7]; however, its basic limitation is that the
associated information is derived from grayscale images.
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To improve the ability of recognition, scanned laser pico-
projection (SLPP) system was proposed to enhance the image
variance. In real clinical cases, there are some devices that are
like this system, such as colposcopy [8]. It provides the view
with green filter for the vascular pattern of the cervix. It ab-
sorbs the red color and makes the appearance of blood vessels
black for clear viewing. In this study, we try to use a new light
source system, SLPP, to provide a routine quality assurance
for imaging. The SLPP system can decrease the light intensity
with Gaussian distribution from central to the margin via the
scanning laser pico-projection technique for wide screen.
Moreover, the SLPP system is a commercial projection device
for wide screen and enhances the usability for imaging.
Chuang et al. [9] presented a method for two-dimensional
nanoparticle concentration measuring via the images obtained
by the SLPP system. The feasibility was demonstrated by
measuring type I collagen concentrations in the range of
0.025–0.125%. It shows that the SLPP system has a higher
throughput, a lower cost, a larger sample size, and a more
reliable diagnostic performance.

Based on the methodology, the useful SLPP system and the
GLCM imaging analysis method can be combined to provide
the classified method with the superior diagnostic perfor-
mance. In the previous study, we do the effort in the case of
biopsy from the patients, such as characterization for oral can-
cer by pathological images. The SLPP system combined with
the GLCM image analysis method can differentiate the normal
and cancerous pathological sections. The discrimination of
normal and cancerous tissues was dominated by the disorder
caused by the unusual proliferation and division of the cell
nuclei and chromosomes inside [10]. It works on both full
field and specific tissues analysis. Compared to the existing
methods, the proposed method approach has many advan-
tages, including a lower cost, a larger sample size, and a more
reliable diagnostic performance. In this study, we try to pro-
vide a highly promising solution for the pathologists/doctors
based on the SLPP system combined with the GLCM image
analysis method for the diagnosis of metastatic cancer cells.

Materials and methods

The optical image system used in this study comprised SLPP
(MicroVision; Model: SHOWWX™; Image size: 150–
2500 mm) and a microscope (OLYMPUS BX-53). In accor-
dance with the findings of previous studies, the samples were
illuminated using a green laser source (wavelength = 532 nm)
to obtain the optimal image quality. In obtaining the transmis-
sion and reflection images of cells, the samples were illumi-
nated using a halogen lamp and the SLPP system. The SLPP
image system was sketched and shown in Fig. 1. The images
were all captured using a charge coupled device (CCD) cam-
era (Model: 1500M-T1-GE S/N 3797) with DVC View™

image acquisition software with 1392 × 1040 pixels.
Because the diameter of HeLa and HeLa-S3 cancer cell is
approximately 10–20 pixels and the images with homoge-
neous cell distribution can be obtained with an image size of
150 × 150 pixels. Therefore, the images were separated into
sub-images with a size of 150 × 150 pixels. Subsequently, the
images with 256 gray-level images were processed by the
GLCM model.

GLCM functions characterize the texture of images by cal-
culating how often pairs of pixel with specific values and in a
specific spatial relationship occur in an image, creating a
GLCM, and then extracting statistical measures from this ma-
trix [11]. Haralick et al. [12] defined the features by equations
such that the texture feature of GLCM can be calculated in-
cluding contrast, correlation, energy, entropy, and homogene-
ity. These five features are commonly involved in the investi-
gation of biology. For example, the texture analyzer of the
public domain, Java-based image processing program,
Image J, developed at the National Institutes of Health also
uses these five representative features.

The variableC (i, j) expressed in Eqs. (5) refers to the value
at the (i, j) position in a GLCM. These five features indicate
the image texture, such as contrast indicates the presence of
edges, noise, or wrinkled textures; correlation denotes the lin-
ear dependence on the neighboring pixels; energy represents
the uniformity (or orderliness); entropy indicates the degree of
disorder among pixels; and homogeneity represents the
smoothness of the gray level distribution. In other words,
these five texture features of GLCM correspond to the disor-
der in cell images, which indicate how the disorder is impact-
ed by the metastatic ability of cancer cells.

Contrast : ∑G
ij¼1Cij i− jð Þ2 ð1Þ

Correlation : ∑G
ij¼1

i−uið Þ j−uj
� �

σiσ j
Cij ð2Þ

Energy : ∑G
ij¼1Cij

2 ð3Þ

Fig. 1 The SLPP image system
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Entropy : −∑G
ij¼1CijlogCij ð4Þ

Homogeneity : ∑G
ij¼1

1

1þ i− jj j Cij ð5Þ

In this study, we used HeLa/HeLa-S3 cancer cells, human
cervical adenocarcinoma cell line, in order to evaluate the
GLCM feature extraction model with the SLPP system, as
HeLa cancer cell line is widely used for investigation in mo-
lecular biology [13] and biophysics [14]. Lung, ovarian,
breast, and esophageal cancers are highly lethal; hence, the
validity of the proposed method was demonstrated by using
these five common cancer adenocarcinoma cell line pairs (i.e.,
HeLa/HeLa-S3, CL1-0/CL1-5, OVTW59-P0/OVTW59-P4,
and CE81T-FNlow/CE81T-FNhigh cell lines). All cells were
maintained in a Dulbecco’s Modified Eagle’s Medium solu-
tion containing 10% fetal calf serum and incubated at 37 °C
with 5%CO2. The details of each cell line pair are described as
follow.

HeLa/HeLa-S3: HeLa-S3 cells, which are high-metastatic
cancer cells, are derivatives of the original HeLa cells and
grow to a larger size in spherical colonies rather than as mono-
layers [15].

CL1-0/CL1-5: CL1-5 cells are highly invasive sublines
compared to CL1-0 cells from the clonal cell line of human
lung adenocarcinoma [16].

OVTW59-P0/OVTW59-P4: OVTW59-P4 are highly inva-
sive sublines selected from epithelial ovarian OVTW59-P0
cells [17].

67NR/4T1: 67NR and 4T1 are low- and high-metastatic
mouse mammary adenocarcinoma cell lines, respectively
[18].

CE81T-Fnlow/CE81T-Fnhigh: CE81T-Fnlow and CE81T-
Fnhigh are potentially low- and high-metastatic esophageal
squamous carcinoma cell lines [19].

To evaluate the reliability of the detection method, the sta-
tistical differences between the low- and high-metastatic cells
from the same origin, were evaluated using a one-way analy-
sis of variance (ANOVA) technique. In evaluating the test
results, a *p value of < 0.05 was statistically significant, a
**p value of < 0.01 was very statistically significant, and a
***p value of < 0.001 was highly statistically significant.

Results and discussion

Texture feature extraction with GLCM extraction of various
orientation angles and interpixel distances from transmission
and reflection images of HeLa/HeLa-S3 metastatic cancer cell
pairs is shown in Fig. 2. Fig. 2a–e shows the contrast, corre-
lation, energy, entropy, and homogeneity extraction with an
orientation angle of 0–270° with an interpixel distance of
10 pixels on x-axis. It shows that the values of these texture

features are stable with various orientation angle increments,
except correlation. In Fig. 2b, it shows the correlation and the
correlation denotes the linear dependence on the neighboring
pixels. But, we can see the random distribution of cells and the
shapes of the cells are not entirely similar, which affects the
correlation extraction at various orientation angles. The differ-
ence of correlation values is caused by the random distribution
and cell shape but not correspond to the angular dependence.
Especially, the value of correlation is much lower (e.g., the
order of 10^−4). However, extraction of the rest of the texture
feature (contrast, energy, entropy, and homogeneity) is reliable
even when the orientation angle changes. In other words, we
can set-up the specific value of the orientation angle (e.g., 0°)
to obtain the typical texture features (contrast, energy, entropy,
and homogeneity). Fig. 2f–j shows the contrast, correlation,
energy, entropy, and homogeneity extraction with an
interpixel distance of 0–150 pixels. The inflection points of
texture feature can be found in Fig. 2f–j around an interpixel
distance of 10–20 pixels. The size of the image used for pro-
cessing is 150 × 150 pixels and the diameter of HeLa and
HeLa-S3 cancer cell is approximately 10–20 pixels, which
implies that the characteristic texture feature commonly oc-
curs in the boundary of cells, and that we can set-up the spe-
cific value of interpixel distance (e.g., 10 pixels) around the
cell diameter to obtain the typical texture features.

We can establish two important points from this analysis.
First, HeLa-S3 cancer cells (high-metastatic) have higher con-
trast and entropy but lower energy and homogeneity. Both
contrast and entropy refer to the degree of disorder, and energy
and homogeneity refer to the degree of uniformity. These four
texture features can be the effective evaluation indexes for
disorder in cancer cells. Secondly, the disorder of cancer cells
with metastatic ability can be exactly evaluated in combina-
tion with transmission and reflection images recorded by the
SLPP system.

Transmission and reflection images of HeLa/HeLa-S3,
CL1-0/CL1-5, OVTW59-P0/P4, 67NR/4T1, and CE81T-
Fnlow/Fnhigh metastatic cancer cell pairs are shown in Fig. 3.
In Fig. 3a, most of the high-metastatic cancer cells have dense
cytoplasm and display clear contrast in transmission images,
except CL1-5. The high-metastatic CL1-5 cancer cells have a
small and more three-dimensional shape, and it is difficult to
observe the cytoplasm in the same focus plane, compared to
CL1-0 cancer cells. The CL1-0/CL1-5 cancer cell pair is not
easily classified using only transmission images. However,
reflection images taken by SLPP system bring more informa-
tion from cell surface contour. In Fig. 3b, the clear contrast
was displayed in the reflection images of high-metastatic can-
cer cells. Combination with transmission and reflection im-
ages taken by SLPP system helps us classify the cancer cells
with high-metastatic ability more evidently.

The texture feature of GLCM for transmission and reflec-
tion images of metastatic cancer cell pairs is shown in Table 1.
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The texture features of low-metastatic cancer cells are used as
the benchmark and statistically compared with those of the
high-metastatic cancer cells. High-metastatic cancer cells es-
sentially exhibit high disorders, which makes the high-
metastatic cancer cells display higher contrast and entropy,
but lower energy and homogeneity. In HeLa/HeLa-3, CL1-

0/CL1-5, and 67NR/4T1 cancer cell pairs, the texture feature
of transmission images and reflection images taken by the
SLPP system is successfully classified in low and high pairs.
Especially in OVTW59-P0/P4 and CE81T-Fnlow/Fnhigh can-
cer cell pairs, they are very difficult to classify via transmis-
sion images.

Fig. 3 a Transmission and (b)
reflection images of HeLa/HeLa-
S3, CL1-0/CL1-5, OVTW59-P0/
P4, 67NR/4T1, and CE81T-
Fnlow/Fnhigh metastatic cancer cell
pairs

Fig. 2 Texture feature of GLCM for (a) contrast, (b) correlation, (c)
energy, (d) entropy, and (e) homogeneity extraction with an orientation
angle of 0–270° of HeLa/HeLa-S3 cancer cells. Panels (f)–(j) show

texture feature of GLCM extraction with interpixel distance of 0–
150 pixels of HeLa/HeLa-S3 cancer cells
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First of all, the chosen cell lines were demonstrated that
they are metastatic phenotypes according to the previous
study. Second, the molecular profiles of the metastatic cells
provide the evidence of protein and gene expression.
However, metastasis is a complex process involving many
stages, including homing, extravasations, micro-metastasis,
co-opted stroma, and full colonization. Generally speaking,
the high-metastatic cancer cells have a stronger proliferation
ability and a large number of organelles within the cells. In
addition, they have a stronger cell activity and a shorter cell
cycle. The shorter time for mitosis preparation restricts the
organelles formed and other biological molecules within it
[20]. The mass and turbid matters render the transmission
image with high disorder. Then, the high-metastatic cancer
cells exhibit a spindle-like morphology and more three-
dimensional structures with characteristic rough surfaces to
increase cell migration and invasion [21]. These structures
enhance the light scattering effect. The reflection images taken
by the SLPP system exactly display the contour of the surface
morphology, and reflection images of high-metastatic cancer
cells also have high disorder. Conclusively, this system mea-
sured the equivalence of the metastatic phenotype according
to the optical characteristic.

Texture feature extraction that forms reflection images tak-
en by the SLPP system brings the effective information and
supplies the information lacking in the transmission images.
We can thus statistically and effectively classify the low- and

high-metastatic pairs using the texture feature of GLCM,
through transmission and reflection images taken by the
SLPP system.

Conclusion

This technique can be applied in real clinical cases for tissues or
biopsy from the patients wherein the images can just be taken
from a camera. But it is not suitable for the cases in which
images cannot be easily taken, such as ovarian cancer.
However, the cancer cells can be extracted from ascites of pa-
tients and cell culture with mono-layered cells can resolve the
problem for the image taken. Then, the method can be suitable
for all cases for cancer cells. Transmission and reflection im-
ages taken by the SLPP system only require several seconds
after producing a confluent monolayer of cells. In the present
study, we proposed a promising method combined with the
SLPP technique and the GLCM image processing model to
achieve a rapid method with a more reliable diagnostic perfor-
mance for metastatic ability of cancer cells in vitro or ex vivo.
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Table 1 Texture feature of GLCM for transmission (T.) and reflection (R.) images of metastatic cancer cell pairs

Image

type
Cell pair

Contrast

(10^2)

Energy

(10^−4)

Entropy

(10^0)

Homogeneity

(10^−1)

T.

HeLa 4.2 ± 0.26
] ***

2.3 ± 5.0
] ***

6.7 ± 0.15
] ***

13.0 ± 1.2
] ***

HeLa-S3 8.2 ± 0.51 3.6 ± 0.2 8.2 ± 0.06 5.0 ± 0.3

CL1-0 41.0 ± 2.60
] ***

2.4 ± 0.2
] *

8.7 ± 0.10
] p =0.59

4.3 ± 0.5
] *

CL1-5 23.0 ± 1.80 6.1 ± 0.3 8.6 ± 0.28 7.4 ± 1.7

OVTW59-P0 3.5 ± 0.14
] **

38.0 ± 9.6
] p =0.09

6.0 ± 0.22
] p =0.68

19.0 ± 0.9
] p =0.13

OVTW59-P4 2.8 ± 0.27 50.0 ± 8.2 6.0 ± 0.22 17.0 ± 1.7

67NR 9.5 ± 2.10
] *

4.0 ± 0.3
] *

7.7 ± 0.23
] **

7.3 ± 1.0
] *

4T1 13.0 ± 1.30 6.8 ± 1.7 8.2 ± 0.08 5.7 ± 0.3

CE81T-Fn

low

7.0 ± 0.59
] p =0.14

12.0 ± 5.2
] p =0.93

7.1 ± 0.29
] p =0.52

9.8 ± 1.5
] p =0.33

CE81T-Fn

high

6.5 ± 0.30 13.0 ± 5.2 7.0 ± 0.08 11.0 ± 0.3

R.

HeLa 3.1 ± 0.20
] p =0.05

24.0 ± 0.5
] ***

4.2 ± 0.03
] ***

3.7 ± 0.10
] ***

HeLa-S3 2.8 ± 0.08 6.0 ± 0.6 5.6 ± 0.07 2.0 ± 0.07

CL1-0 4.6 ± 0.26
] p =0.17

12.0 ± 1.3
] *

4.9 ± 0.11
] **

2.9 ± 0.17
] **

CL1-5 4.3 ± 0.28 9.0 ± 1.0 5.3 ± 0.07 2.6 ± 0.11

OVTW59-P0 1.1 ± 0.35
] p =0.53

19.0 ± 3.4
] p =0.17

4.4 ± 0.19
] *

3.8 ± 0.26
] p =0.12

OVTW59-P4 1.3 ± 0.41 15.0 ± 3.0 4.8 ± 0.19 3.4 ± 2.60

67NR 1.4 ± 0.15
] p =0.05

14.0 ± 1.0
] ***

4.6 ± 0.09
] ***

3.1 ± 0.16
] ***

4T1 1.9 ± 0.33 8.0 ± 1.3 5.3 ± 0.15 2.4 ± 1.50

CE81T-Fn

low
4.7 ± 0.20

] p =0.47

14.0 ± 0.0

] *

4.6 ± 0.12

] ***
3.0 ± 0.04

] p =0.17
CE81T-Fn

high
4.8 ± 0.16 12.0 ± 1.3 4.9 ± 0.11 2.9 ± 0.16

Note: * represents p < 0.05, ** represents p < 0.01 and *** represents p < 0.001
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