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1 | INTRODUCTION

Onseok Lee'2

Abstract

Background/purpose: Skin elasticity was used to evaluate healthy and diseased skin.
Correlation analysis between image texture characteristics and skin elasticity was
performed to study the feasibility of assessing skin elasticity using a non-contact
method.

Materials and methods: Skin images in the near-infrared band were acquired using a
hyperspectral camera, and skin elasticity was obtained using a skin elastimeter. Texture
features of the mean, standard deviation, entropy, contrast, correlation, homogeneity,
and energy were extracted from the acquired skin images, and a correlation analysis
with skin elasticity was performed.

Results: The texture features, and skin elasticity of skin images in the near-infrared
band had the highest correlation on the side of eye and under of arm, and the mean and
correlation were features of texture suitable for distinguishing skin elasticity according
to the body part.

Conclusion: In this study, we performed elasticity and correlation analyses for various
body parts using the texture characteristics of skin hyperspectral images in the near-
infrared band, confirming a significant correlation in some body parts. It is expected
that this will be used as a cornerstone of skin elasticity evaluation research using non-

contact methods.
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maintain healthy skin and prevent skin diseases. As such, anti-aging is

receiving attention as a major interest worldwide, and research on skin

Human skin is an essential organ for overall body homeostasis, and
aging occurs owing to internal and external body factors, which can be
confirmed with the naked eye. Skin aging reduces the skin regeneration
ability and is accompanied by an increase in aging cells, likely leading
to various pathological outcomes.>2 Therefore, there is an increasing

need to develop technology to observe skin aging characteristics to

aging prevention and management is increasing the skin, an essential
external organ of the body.>

The skin comprises three major layers: the epidermis, dermis,
and subcutaneous fat. The characteristics and types of materials
that make up each layer are different.*> In addition, the skin has

mechanical properties that are affected by deformability, such as
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anisotropy and viscoelasticity. The skin affected by physical and chem-
ical deformation from the outside and inside becomes dry, wrinkles
deepen, and elasticity decreases owing to a decrease in moisture,
the phenomenon appears.® Such changes resulting from skin elastic-
ity deformation, appear to be related to pathological changes. Aging
is an example of a pathological change in the skin. Because the most
noticeable feature is a decrease in skin elasticity as the skin ages,
measuring skin elasticity is an important indicator for assessing skin
aging.

Among the three layers of the skin, skin elasticity is influenced by
type | collagen in the dermis layer, which accounts for about 0% of the
skin’s weight, and the elasticity of the dermis layer is determined by the
composition and density of elastin and collagen fibers that make up the
dermis layer.” Therefore, to evaluate skin elasticity, it is important to
analyze the elasticity value of the dermis layer, which is deeper than
the skin epidermis, to evaluate skin aging and skin condition.

Devices based on a suction method that directly contacts the
measuring device with the skin are widely used for measuring skin
elasticity.? These devices require specialized knowledge to interpret
the measurement results. The principle of elasticity measurement,
which applies a suction method that creates temporary deforma-
tion by contact with the skin, can cause damage in the case of skin
weakened by disease.'? Therefore, it is necessary to go beyond non-
invasive and noncontact skin evaluation methods when measuring skin
characteristics.

There is increasing demand for optical-based imaging technology
as a noninvasive and noncontact method for measuring the elasticity
of the dermal layer of the skin. Images using a general digital camera
can observe the skin’s surface through the visible light band required
for naked eye observation among the light spectrum region. However,
to obtain information on the dermal layer area, directly related to
skin elasticity, skin observation information corresponding to the near-
infrared region, a wavelength range that can penetrate deeper than the
skin surface, is required.1112 However, a separate system is required to
interpret the image information to collect elasticity information of the
dermal layer through optical images.

The hyperspectral imaging system, a recent noninvasive spec-
troscopy technology for skin evaluation, includes spectral bands other
than visible light; therefore, in vivo, characteristics that cannot be
seen in visible light are objectively identified through indicators such
as spectral reflectance data. This method has been proposed as a
promising technology.’31* Irregular curvatures and wrinkles form
on the skin’s surface depending on the collagen and elastin struc-
ture in the dermal layers.® The depth, uniformity, and distribution
of wrinkles formed on the skin can be analyzed using skin’s texture
characteristics.® Therefore, we attempted to obtain information on
skin wrinkles and evaluate skin elasticity using the image texture char-
acteristics of the near-infrared band, which can be used to obtain
information about the dermis layer from hyperspectral images.

In this study, we aimed to analyze the relationship between skin
elasticity and the characteristics of the dermal layer of the skin, not
just the visually observable outer surface of the skin. We performed a

correlation analysis between the texture characteristics of skin images

corresponding to the near-infrared region and the measured elastic-
ity, rather than limiting ourselves to the reflectance information used
in studies using existing hyperspectral images.

2 | MATERIALS AND METHODS

2.1 | Participants

The experimental participants in this study consisted of 17 healthy
Korean men, 7 men, and 10 women, aged 20 to 44 years (26.59 + 6.28,
mean + standard deviation). The test participants had no serious med-
ical histories or skin diseases. The participants did not apply cosmetic
products to their skin until 4 h before the experiment, wiped the

observed area with an alcohol swab and dried the moisture.

2.2 | Measurement

2.2.1 | Definition of elasticity in this study

“Elasticity,” as defined in this study, is the force required to press the
skin when pressed inward.1® Therefore, the harder the skin, the higher
its resistance, which requires a large force to deform, resulting in a high

elasticity value.

2.2.2 | Observation location

In this study, 10 body parts were selected for observation to analyze
the correlation between features based on hyperspectral images and
evaluate elasticity according to various anatomical parts of the body
(Figure 1).

2.2.3 | Measurement of skin elasticity

This study measured skin elasticity using a skin elastimeter (Delfin,
Kuopio, Finland).26:17 A skin elastimeter measures the value (N/m) per
unit area in which the indenter of the device is in contact with the
skin. When the indenter at the center of a 23 mm diameter plate was
manually pressed into the skin for approximately 2 s, with the par-
ticipant lying comfortably on a mat, the instantaneous force required
to deform the skin was measured. The magnitude of the force mea-
sured at this time is called the intense skin elasticity (ISE). Therefore,
when the indenter of the device contacts the skin, the higher the hard-
ness of the skin, and the more force the indenter needs to deform the
skin, the higher the ISE value (N/m). When the indenter of this device
lightly touched the five times (approximately 0.5 s), the average elas-
ticity value (N/m) was recorded on the device’s LED board. Finally, the
elasticity value used in this study was obtained by values for the same
body part and then using the average of the elasticity values measured

three times.
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(H) Back of hand
FIGURE 1 Images of observed body parts. (A) Forehead, (B) side of eye, (C) side of mouth, (D) side of neck, (E) upper of arm, (F) under of arm,

(G) inside of wrist, (H) back of hand. (I) upper of leg, (J) under of leg.

224 |
ROI

Acquisition of skin hyperspectral imaging and

This study acquired skin hyperspectral images to analyze various
characteristics of the dermis layer’s near-infrared wavelength images
involved in skin elasticity. The device was used to capture the images
was the SNAPSACAN Hyperspectral Camera (IMEC, Leuven, Belgium).
This device can acquire images in the visible and NIR wavelength
ranges with 150 spectral bands and records them using the snap-scan
method. A Tamron 60 mm macro lens (Tamron, SP AF 60 mm F2 Di Il
IF LD Macro 1:1, Japan) was used. The lighting used for filming was a
650 W halogen lamp H-1000 (FOMEX, Seoul, Republic of Korea) with a
light reflector, and the participants wore light-blocking goggles to pro-
tect their eyes from the light source. While photographing the skin, the
participants sat on a chair or stood comfortably. The distance between

the skin and the camera lens was 50 cm. The camera was fixed hori-

zontally to the participants, and the light was set at a 45° angle above
the participants. The photographed areas were 10 per participant, the
same as when measuring elasticity. The imaging time was 17—20 ms
skin sample. The shooting environment was a light-blocked dark room
with only halogen lighting to prevent the influence of ambient light
on the hyperspectral images. After obtaining the skin image, a white
reference with a reflectance of 95% was obtained to control light-
ing unevenness. The hyperspectral image was obtained as a processed
image in a preprocessed state in the Snapscan Application linked to the
camera using a dark reference and white reference.

The initially acquired hyperspectral image of the skin measured
1,024 x 1,024 pixels. When acquiring images, light reflections and
shadows owing to the curves of body parts are mainly created in the
outer areas of the image. Therefore, skin areas unaffected by reflec-
tions and shadows were randomly cropped to four per skin sample in

the image. When cropping the image for the region of interest (ROI),
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it was set to 378 x 378 pixels, corresponding to 10 x 10 mm, which is
smaller than the 23 mm plate diameter of the skin elastimeter used to
measure the image elasticity value, and a total of 1,292 images were
acquired.

2.3 | Analysis of data

This study aimed to analyze the correlation between the texture
characteristics of deep skin layers and skin elasticity obtained from
hyperspectral images in the near-infrared band corresponding to
750—900 nm.181? Therefore, this section introduces the texture fea-
tures analyzed as evaluation features of elasticity in this study and the

statistical analysis used.

2.3.1 | Texture features

The texture features analyzed in this study were extracted by quan-
tifying intuitive texture expressions such as rough, smooth, or bumpy
as functions representing spatial changes in pixel brightness. The tex-
ture features used were the statistical values of the image pixels (mean,
standard deviation [std], entropy) and gray-level co-occurrence matrix
(GLCM).2° GLCM calculates the correlation between an image’s pixel
features and defines the image’s texture characteristics through infor-
mation about the relationship between the surrounding pixels. In this
study, contrast, correlation, homogeneity, and energy features were
used in this study. The formula for calculating each statistic are as fol-
lows: In the formula below, N is the number of pixels corresponding to
the width and height of the image, A is a matrix with pixel values of the
image, and i and j represent the matrix positions corresponding to the
width and height in A. i in Equation (5) is the result of Equation (1), and
ois the result of Equation (2).

1. Mean

=
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7. Energy
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> D Al (7)
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2.3.2 | Analysis of correlation

In this study, we attempted to objectify the skin elasticity evaluation
index by performing a correlation analysis between texture features
and elasticity extracted from skin hyperspectral images in the near-
infrared band and selecting image features that were significantly
correlated with skin elasticity. Pearson’s correlation analysis was used
as the data to be analyzed had a bivariate normal distribution. As a
result of the analysis, the correlation coefficient r represents the slope
of the linearity between the two variables. The correlation coefficient
has a value between —1 < r < 1. If r is less than zero, the two vari-
ables are interpreted as having a negative correlation; if r is greater
than zero, the two variables are interpreted as having a negative corre-
lation. A significance test of the correlation coefficient was performed,
and values were considered significant at p < 0.05.

2.3.3 | Analysis of ANOVA

An analysis of variance (ANOVA) was performed for each feature to
select the optimal image texture features by determining whether the
seven texture features extracted from the hyperspectral images in the
near-infrared band significantly differentiated the elasticity of differ-
ent body parts. However, because ANOVA analysis could not reveal
specific differences between the groups, the Scheffe method was per-
formed for post-hoc test to analyze the differences between body part
groups for each texture feature. Figure 2 shows a diagram showing the

flow chart of the overall analysis procedure.

2.3.4 | Environment of data analysis

The texture feature extraction described in Section 2.3.1 was per-
formed using MATLAB 2021b (The MathWorks, Inc., Natick, MA, USA).
Statistical analyses in 2.3.2 and 2.3.3 were performed using SPSS
version 25.0 (SPSS Inc, Chicago, IL, USA).
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FIGURE 2 Experimental sequence image.
24 | Ethics

To conduct this study, the research protocol was approved by the Ethics
Committee of Soonchunhyang University. (IRB number: 202303-SB-
019-03) Written consent was provided and consent was obtained from
all experimental participants. In addition, a sufficient explanation of
the research method was provided before the experiment to ensure

participants were familiar with the method.

3 | RESULTS

3.1 | Comparison of elasticity values according to
body part

Elasticity statistics were compared for 1292 skin samples. Figure 3
shows the mean, standard deviation, median value, and data distribu-
tion for elasticity by body part. The average elasticity value in all parts
was normal at the p < 0.05 level. The mean elasticity was highest under
of legs and lowest on side of neck. The elasticity std was highest in
upper of leg and lowest on side of neck. The elasticity’s median, like
mean, was highest in upper of leg.

3.2 | Correlation analysis of elasticity and texture
characteristics according to body part

In Table 1, according to the correlation analysis and significance test

between the elasticity value for each body part and the texture char-

acteristics of the image in the NIR band, if the correlation coefficient
is significant at p < 0.05 level, it is denoted as Y, and if it is not signifi-
cant, it is denoted as N. If the correlation coefficient is significant, it is
indicated as (+) if there is a positive correlation and (-) if there is a neg-
ative correlation. Overall, the side of eye, under of arm, and under of leg
areas had a significant correlation between texture characteristics and
elasticity in the NIR band.

In the case of mean, side of eye and upper of leg had a significant
positive correlation p < 0.05, and upper of arm, under of arm, inside
of wrist, and upper of leg had a negative correlation. In entropy, there
was a significant positive correlation p < 0.05 level in forehead, side of
eye, side of mouth, and under of leg, and a significant negative corre-
lation in upper of arm and under of arm. Regarding correlation, side of
eye, side of mouth, side of neck, and under of leg had a significant posi-
tive correlation at p < 0.05, and under of arm had a significant negative

correlation at p < 0.05 level.

3.3 | ANOVA analysis by region for each feature

In Figure 4, an ANOVA analysis was performed to determine whether
each texture feature could evaluate significant differences in skin elas-
ticity depending on the body part. Subsequently, through a post-hoc
test, the network structure was used to determine whether each tex-
ture feature significantly differed in average elasticity between body
parts. The observed texture features were categorized as (a)—(g). Each
point shown in the image of this network structure represents a differ-
ent body part, and the line segment connecting the points for the two
parts represents a relationship in which the corresponding texture fea-
ture does not show a significant difference in the average skin elasticity
of the two body parts, that is, similar average elasticity. Table 2 summa-
rizes the number of line segments expressed in each network structure
shown in Figure 4 by texture feature. The smaller the number of lines,
the simpler the feature’s network structure, which can be interpreted
as a texture feature that meaningfully distinguishes the elasticity of dif-
ferent body parts. According to Figure 4 and Table 2, mean had the
lowest network complexity, and homogeneity had the highest.

4 | DISCUSSION

In this study, we attempted to establish an objective index that can
predict elasticity without contact through image characteristics in the
near-infrared band. According to previous research, aging of skin elas-
ticity is closely related to the formation of skin wrinkles, and the
relationship with skin elasticity has been analyzed using texture char-
acteristics to objectify information about skin wrinkles. The results
confirmed that the texture characteristics of the skin hyperspec-
tral images in the near-infrared band and skin elasticity measured
using a skin elastimeter had different relationships depending on
the body part. It can be interpreted that the higher the correlation
between texture and elasticity, the higher the possibility of measur-

ing and predicting elasticity through texture features. If elasticity can
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TABLE 1 Comparison of significant correlations between body parts and texture features.

Section of body
Sideof  Side of Side of Upper Under Inside of Back of Upper Under
Fore-head eye mouth neck of arm of arm wrist hand of leg of leg
Feature of Mean N Y(+) N N Y(-) Y(-) Y(-) N Y(+) Y(-)
texture o N Y(+) Y(+) N Y(-) Y(-) N N N Y(+)
Entropy Y(+) Y(+) Y(+) N Y(-) Y(-) N N N Y(+)
Contrast N Y(+) N N N Y(-) N N N Y(-)
Correlation N Y(+) Y(+) Y(+) N Y(-) N N N Y(+)
Homogeneity N Y(-) N N N Y(-) N N N Y(+)
Energy N Y(-) Y(-) N N Y(+) N N N N

be predicted from the characteristics of skin images, an image-based,
non-invasive, and non-contact skin elasticity measurement mechanism
can be built without measuring elasticity by directly contacting the
skin.

In the case of forehead, there was a significant positive correla-
tion with entropy, indicating that the higher the amount of information
about the forehead and pores in the forehead image in the unknown
near-infrared band, the higher the elasticity value. In the case of side of
neck, there was a significant positive correlation, which is considered to
influence the formation of a higher elasticity value as the feature value
of correlation, which is based on the fact that wrinkles are expressed
in the diagonal direction due to the nature of the side of neck is higher.
Inside of wrist negatively correlated with feature value of mean, indi-

cating that the lower the average pixel value in the near-infrared band,
the higher the elasticity value. Wrinkles that occur during frequent
daily movements are expressed as low average pixel values in images
in the near-infrared band, which can be interpreted as the formation
of high elasticity. In the case of back of hand, there was no significant
correlation with any feature. As back of hand is a part of the body with
thinskin, it can be interpreted that there was no significant relationship
between image characteristics and elasticity in the deeply penetrating
near-infrared.?! In the case of upper of leg, there was a significant pos-
itive correlation with the mean, indicating that upper of leg area was
less affected by wrinkles as it moved down to the lower layer of the
skin, and the resulting high average pixel value was interpreted to be
related to the formation of high elasticity.
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FIGURE 4 Elasticity similarity network between body parts by feature of texture. (A) Mean, (B) std., (C) entropy, (D) contrast, (E) correlation,

(F) homogeneity, and (G) energy.

TABLE 2 Comparison of the number of line segments appearing in
the relationship network for similar elastic body parts according to
texture characteristics to evaluate significant elasticity average
differences according to body parts by texture feature.

Complexity (number

Feature of texture of lines)
(a) Mean 14
(b) Std 18
(c) Entropy 16
(d) Contrast 37
(e) Correlation 15
(f) Homogeneity 40
(g) Energy 27

Different body parts have different elasticities, and the texture fea-
tures that can be used to distinguish them well were selected in the
following order: mean, correlation, entropy, std, energy, contrast, and
homogeneity. The results showed that it was relatively difficult to dis-
tinguish skin elasticity according to body part based on the texture
characteristics of the image in the near-infrared band, which proves
that the light band that is highly relevant in determining skin elasticity
is different for each body part.??

5 | CONCLUSSION

Overall, the skin image texture characteristics and skin elasticity in the
near-infrared band showed different texture characteristics that were
significantly correlated each body part. The image texture features in

the near-infrared band were found significantly related to the elasticity

of the side of the eye and under the arm. This confirms that the image
texture features suitable for measuring and predicting skin elasticity
may vary depending on the anatomical characteristics of the body. In
the future, it will be necessary to research selecting light bands and
texture characteristics suitable for observing skin elasticity at different
body positions. Based on this research, the development of a system
that can measure and predict skin elasticity in a non-contact manner

can be expected in the future.
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