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PAPER
Skin diagnostic method using Fontana-Masson stained images of
stratum corneum cells

Shuto HASEGAWA†a), Nonmember, Koichiro ENOMOTO† ,††, Member, Taeko MIZUTANI†††, Yuri OKANO†††,
Takenori TANAKA††††, Nonmembers, and Osamu SAKAI† ,††, Member

SUMMARY Melanin, which is responsible for the appearance of spots
and freckles, is an important indicator in evaluating skin condition. To
assess the efficacy of cosmetics, skin condition scoring is performed by
analyzing the distribution and amount of melanin from microscopic images
of the stratum corneum cells. However, the current practice of diagnosing
skin condition using stratum corneum cells images relies heavily on visual
evaluation by experts. The goal of this study is to develop a quantitative eval-
uation system for skin condition based on melanin within unstained stratum
corneum cells images. The proposed system utilizes principal component
regression to perform five-level scoring, which is then compared with vi-
sual evaluation scores to assess the system’s usefulness. Additionally, we
evaluated the impact of indicators related to melanin obtained from images
on the scores, and verified which indicators are effective for evaluation. In
conclusion, we confirmed that scoring is possible with an accuracy of more
than 60% on a combination of several indicators, which is comparable to
the accuracy of visual assessment.
key words: melanin, stratum corneum, principal component regression,
image processing

1. Introduction

Melanin, which causes spots and freckles, is an important
indicator of skin condition. Experts measure the density and
distribution of melanin in stratum corneum cells taken from
the skin to evaluate the efficacy of cosmetics.

Melanin is produced by melanocytes in the basal layer
of the epidermis [1], [2]. The mechanism by which pigmen-
tation occurs is due to the uneven distribution of melanin
within the stratum corneum as a result of melanin remaining
in the stratum corneum instead of being expelled from the
body through turnover. Therefore, if there is a bias in the
distribution of melanin in stratum corneum cells, the skin is
judged to be in poor condition as showing signs of blemishes.

Many non-invasive methods have been proposed to
measure melanin in the epidermis [3]–[13]. One method of
melanin evaluation by experts is to collect stratum corneum
cells by tape-stripping and observe them under a microscope
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[14]. However, this method places a heavy burden on the
evaluator as the expert evaluates each stratum corneum cells
image. Moreover, the evaluation is largely dependent on
the subjectivity of the expert, which may lead to bias in the
evaluation of each expert.

Therefore, a method to extract melanin from stratum
corneum cells images by image processing has been pro-
posed [15]. Hashimoto et al.[16] also proposed a method for
automatic evaluation using features of melanin in images by
multiple regression analysis. By using regression analysis,
Hashimoto et al. achieved quantitative evaluation in terms
of the relationship between the evaluation score and features
of melanin; however, this method requires staining of cells
and melanin.

The goal of this study is to develop an automated skin
condition assessment system using stratum corneum cells
images stained solely for melanin by Fontana-Masson stain.
The system does not stain the cells, thereby reducing the
man-hours required for staining and reducing the burden on
specialists. In this paper, we analyze and score the melanin
in stratum corneum cells images without cell staining, and
compare it with the visual perception score to verify the
effectiveness of the proposed method.

This section describes the structure of this paper. Sec-
tion 2 of this paper summarizes related research, and Sect. 3
describes the proposed system: Section 3.1 describes cell
region extraction, and Sect. 3.2 describes melanin region ex-
traction. Cellular region extraction uses deep learning, and
melanin region extraction uses adaptive thresholding. Sec-
tion 3.3 describes the melanin indices used in this paper, and
Sect. 3.4 describes the principal component regression used
in the scoring. Utilizing regression analysis for quantita-
tive scoring demonstrates the relationship between predicted
evaluation values and observed indicators, enabling objec-
tive skin diagnosis that does not depend on the subjectivity of
the expert. Then, Sect. 4 discusses the results and discussion.
Finally, Sect. 5 presents the conclusions.

2. Related Research

2.1 Melanin analysis using optical methods

Measuring the amount of melanin in the skin is very useful
for evaluating the effectiveness of treatments for pigmented
diseases and the effects of cosmetics on the skin. Many non-
invasive and optical methods for measuring melanin have
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been reported. Melanin measurement by ESR spectroscopy
[4], confocal scanning laser microscopy [5], multiphoton mi-
croscopy (MPM) and spatial frequency domain spectroscopy
(SFDS) [6], Methods using optical coherence tomography
(OCT) to quantify melanin morphology [7], Methods using
high-speed near-infrared (NIR) Raman spectrometry [8], and
Characterization using diffuse reflection spectroscopy [9]–
[11]. Based on the optical properties of melanin, these meth-
ods have been effective in analyzing and quantifying melanin.
Moreover, all of these methods are noninvasive, which is an
advantage because of the low burden on the patient. Numer-
ous analytical methods have been proposed, and the analyst
can choose the appropriate method depending on the situa-
tion.

2.2 Melanin analysis using stratum corneum cells images

In analyzing melanin, methods to evaluate skin conditions
by directly observing intracellular melanin are also effec-
tive and widely used. For example, the method uses im-
ages taken by reflectance confocal microscopy (RCM) of
Fontana-Masson stained skin sections [12], [13] and micro-
scopic observation of stratum corneum cells collected by the
tape stripping method [14]. In particular, the observation
of stratum corneum cells by the tape-stripping method does
not require any special equipment and is a relatively sim-
ple method of measurement. However, as mentioned above,
the direct observation method places a heavy burden on the
diagnostician, and since it is a subjective observation, the
problem is that the diagnostic results depend on the experi-
ence of the diagnostician. Therefore, methods of analyzing
melanin by image analysis have been studied [15], [16].

Hashimoto et al.[16] constructed an automated quanti-
tative melanin evaluation system based on microscopic im-
ages of stratum corneum cells of the face, and showed that the
evaluation accuracy is comparable to that of human visual
perception. On the other hand, the method of Hashimoto
et al. stains stratum corneum cells collected from human
skin in addition to staining for melanin. Moreover, template
matching is used to extract regions of melanin, and changes
in image characteristics, such as changes in the magnifica-
tion of the microscope image, may reduce the accuracy of
the extraction.

In this study, we are investigating an automatic skin
condition evaluation system that uses only melanin-stained
images without staining of cells. The details are described
in the next chapter.

3. Proposed Method

First, we explain the stratum corneum cells images used
in the proposed method. Figure 1 shows an example of
the stratum corneum cells images used in this paper. The
stratum corneum cells images in Fig. 1 were taken at 1920 ×
1440 px and cropped to 840× 1440 px. In this paper, stratum
corneum cells collected from human skin are stained for
melanin (Fontana-Masson stain) and microscopic images are

Fig. 1 Examples of stratum corneum cells images used. (a) visual eval-
uation score 5 (b) visual evaluation score 3 (c) visual evaluation score 1

taken at 200x magnification. In the images, granular matter
within the cell regions contains melanin. The granular matter
outside the cell region is mainly caused by reagents and must
be removed when extracting the melanin region. Granular
matter generated by the reagent is also present within the cell
regions but is difficult to distinguish from melanin and is not
considered by experts for visual evaluation. Therefore, we
do not distinguish between them in this paper.

The stratum corneum images used in this paper were
also scored in five levels by expert’s visual evaluation. In
the scoring, experts make a sensory evaluation based on the
density and distribution of melanin in stratum corneum cells,
and the more evenly distributed melanin is, the better the skin
condition.

Secondly, we explain the proposed system. Figure 2
shows the system configuration. In the proposed system, stra-
tum corneum cells collected from the skin are photographed
with a microscope, and the skin condition is scored by im-
age processing and fed back to the specialist. The image
processing section is described below. First, a melanin-
stained microscopic image is captured as an input image.
Next, melanin regions and cell regions are extracted, from
which several indicators of melanin are obtained as data. Fi-
nally, this data is used for scoring by principal component
regression. The following sections describe each part of the
process.

3.1 Cell regions Extraction

We do not stain cells in order to reduce the man-hours re-
quired for staining when performing expert the shooting en-
vironment. Therefore, there is no clear difference in color
information such as brightness and saturation between the
cell and background regions, making it difficult to extract
cell regions using classical methods. On the other hand, re-
cent studies have reported highly accurate cell segmentation
using deep learning [17]–[19]. In this paper, we extract cell
regions using Residual U-Net [20] (Res U-Net), a deep learn-
ing model suitable for semantic segmentation. Res U-Net is
a model of network structure that combines U-Net [21], also
a model for semantic segmentation, with the residual blocks
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Fig. 2 System configuration diagram: Input images are collected by tape stripping method and
Fontana-Masson stain is applied.

Fig. 3 Res U-Net architecture used to predict cell regions

Fig. 4 (a) Residual Block architecture (b) Conv Block architecture

of Residual-Net [22] (Fig. 3,Fig. 4).

3.2 Melanin regions Extraction

The stratum corneum cells images used in this paper are
darker at the edges than in the center due to illumination.
Moreover, regions with localized darkness exist due to stack-
ing of cells. Therefore, binarization by adaptive thresholding
is effective in extracting melanin regions. Adaptive thresh-
olding is a method of binarization in which the average pixel

value of the surrounding area of the pixel of interest is used
as the threshold value. Assuming that the pixel value of the
input image is I(x, y), the threshold value T h(x, y) of the
pixel of interest is calculated by Eq. (1).

T h(x, y) = 1
N

∑
x,y∈D

I(x, y) − c (1)

N is the number of pixels in region D and c is a constant
value. In this paper, the region size and the constant value
were determined empirically. Melanin is extracted from the
extracted granular matter within the cell regions.

3.3 Indicators for melanin

Data on melanin is obtained from the extracted images of
cell and melanin regions based on previous studies [16]. In
this paper, the skin condition is comprehensively evaluated
based on the density and distribution of melanin. Therefore,
we mainly use the density of melanin in the cell regions, the
luminance of melanin, and the feature values for the size of
melanin granules as variables.

3.3.1 Indicators for melanin density

The stratum corneum cells image is divided into square re-
gions of a certain size (32 px, 64 px, 128 px), and the per-
centage of melanin in the cell regions is calculated using the
results of cell and melanin regions extraction in each divided
region. Then, a histogram is created using the calculation
results for each of the divided regions, and the statistical
indices shown in Table 1 are obtained.

In addition to the above, the number of regions with
higher melanin density than the average value is counted
from the density calculation results for each region as an



4
IEICE TRANS. ??, VOL.Exx–??, NO.xx XXXX 200x

Table 1 List of statistical indicators for melanin density
indicators Details

Maximum value indicates the region of highest melanin density
Third quartile indicates 75% point of melanin density

Median indicates median melanin density
First quartile indicates 25% point of melanin density

Minimum value indicates the region of lowest melanin density
Variance indicates the variance of melanin density
Kurtosis indicates asymmetry in histogram
Skewness indicates sharpness of the shape of histogram

indicator of the number of regions with high melanin density
in the image. Since the score tends to be worse when regions
with high melanin density are widely distributed, the mean
value of the density of the surrounding regions with high
melanin density was calculated and used as an index. We
calculated 10 indicators for each divided region size and used
a total of 30 indicators in this paper to represent melanin
density.

3.3.2 Indicators for melanin brightness

As in Sect. 3.3.1, the stratum corneum cells image is di-
vided into square regions (32 px, 64 px, 128 px), and in each
divided region, the average value of melanin brightness is
calculated using the melanin regions extraction results in
Sect. 3.2. Next, as in Sect. 3.3.1, a histogram is created us-
ing the calculation results for each region, and the same
statistical indices as in Table 1 are obtained. We therefore
calculated 8 statistical indicators for each divided region size
and used a total of 24 indicators in this paper to represent
melanin brightness.

3.3.3 Indicators for the size of melanin granules

To measure the size of the granular material, we apply an
opening process to the extracted image of melanin regions in
Sect. 3.2 to remove small-sized granular material and mea-
sure the number of granular material. In this paper, open-
ing processing is performed using 2, 3, 4, and 5 px square
kernels (Fig. 5). The number of granular objects without
opening processing is also measured and used as an indica-
tor. The number of melanin in the image is considered to be
affected by the number of cells sampled from the skin. For
this reason, the measured number of granules is normalized
by dividing it by the cell regions [px] using the cell regions
extraction result in Sect. 3.1, and this calculation result is
used as an indicator of melanin granules. We therefore used
a total of five indicators to represent melanin size in this
paper.

3.4 Scoring by principal component regression

For scoring by principal component regression, principal
component analysis [23], [24] was first conducted using the
59 indicators discussed in Sect. 3.3. The 59 principal com-
ponents obtained from the results are used as explanatory

Fig. 5 Melanin regions after opening process at each kernel size.
(a)Meranin regions original image (b)Kernel 2×2 px opening process
(c)Kernel 3×3 px opening process (d)Kernel 4×4 px opening process
(e)Kernel 5×5 px opening process

variables, and multiple regression analysis is performed us-
ing the experts’ visual evaluation score as the objective vari-
able. In the visual evaluation, experts scored each image
based on the density and distribution of melanin in stratum
corneum cells. The visual evaluation scores were classified
into five levels from 1 to 5.

In principal component analysis, a new indicator
Zm(m = 1,2, · · · , p) is calculated as a weighted average of
the p basic variables Xi(m = 1,2, · · · , p) for each indicator
(Eq. (2)).

Z1 = w11X1 + w12X2 + · · · + w1pXp

Z2 = w21X1 + w22X2 + · · · + w2pXp

...

Zp = wp1X1 + wp2X2 + · · · + wppXp

(2)

Wherewmi represents the weights (eigenvectors) for the basic
variables. Each principal component is obtained so that the
variance σ2

m of each of Zm is maximized under the condition
that they are uncorrelated. Equation (3) is obtained by se-
quentially constraining the second and subsequent principal
components.

σ2
1 > σ

2
2 > · · · > σ2

p (3)

The eigenvalues λm of the covariance matrix calculated from
the basic variables are obtained from the constraints for each
weight shown in Eq. (4). Note that the calculation of the
covariance matrix and the eigenvalues are omitted.

p∑
i=1
w2
mi = 1 (m = 1,2, · · · , p) (4)

This allows the calculation of Cm (the contribution ratio that
expresses how much information on the original underly-
ing variable is retained by each principal component) from
Eq. (5).

Cm =
λm∑p
i=1 λi

(m = 1,2, · · · , p) (5)

The contribution ratio represents the degree of influence of
the basic variable in each principal component, and principal
components with high contribution ratios (large variance)
are generally considered important in principal component
analysis. However, since principal components with small
variance can be important factors in regression problems



HASEGAWA et al.: SKIN DIAGNOSTIC METHOD USING FONTANA-MASSON STAINED IMAGES OF STRATUM CORNEUM CELLS
5

[25], multiple regression analysis was conducted using p
principal components in this paper.

Next, multiple regression analysis is performed using
the scores of the principal components of each principal
component as explanatory variables and the scores of the
visual evaluation by the experts as objective variables. In
multiple regression analysis, a regression equation that sat-
isfies Eq. (6) is obtained by using the explanatory variables
Z1, Z2, · · · , Zp for the objective variable Y . Where Y is the
expert’s visual evaluation score, and a1,a2, · · · ,ap are partial
regression coefficients.

Y = a1Z1 + a2Z2 + · · · + apZp (6)

In multiple regression analysis, variable selection was
conducted using the stepwise variable reduction method, and
significance tests were conducted for each variable. The pre-
dicted scores calculated from the regression equation were
rounded off and then discretized into five levels, with scores
below 1 as score 1 and above 5 as score 5. The error with
the visual perception evaluation is measured as an evalua-
tion method for the predicted results of the score using the
regression equation.

This paper used 87 images of stratum corneum cells
that had been evaluated by experts, which is a small amount
of data to perform a statistical analysis. Therefore, a leave-
one-out cross validation method was used.

4. Results

4.1 Cell regions Extraction Results

This section describes the results of cell regions extraction.
Figure 6 shows the results of cell area extraction by Res
U-Net, and Fig. 7 shows examples of regions where predic-
tion accuracy was decreased. The ground truth images in
Fig. 6 were created under the supervision of an expert. Fig-
ures 7(d) and 7(h) overlay the ground truth image and the
predictive image, with the red regions indicating that the
background is misdetected as cells and the blue regions in-
dicating that the cells are misdetected as background. The
stratum corneum cells images in Figs. 6 and 7 are cropped
to 448 px squares. The predicted images were created by
dividing the stratum corneum cells images into 512 × 512 px
and integrating them after prediction. The stratum corneum
cells images used were 1920 × 1440 px, and Intersection
over Union (IoU) of the three prediction images, sample1 to
sample3, were calculated using the groung truth. IoU was
calculated by the following Eq. (7) using True Positive(TP),
False Positive(FP), and False Negative(FN).

IoU =
TP

TP + FP + FN
(7)

The results were 0.93, 0.96, and 0.96, respectively, con-
firming that the prediction accuracy was above 0.9 for all im-
ages. However, as shown in Figs. 7(a) and 7(d), the predic-
tion accuracy decreased when the melanin in the cell regions

Fig. 6 Result of cell regions extraction.

Fig. 7 Examples of regions with decreased prediction accuracy. (a) Ex-
ample of a portion of sample1. (b) Ground truth image of (a). (c) Predicted
image of (a). (d) Overlay image of (b) and (c). The red regions indicate
misdetection of background as cells. (e) Example of a portion of sample3.
(f) Ground truth image of (e). (g) Predicted image of (e). (h) Overlay
image of (f) and (g). The blue regions indicate misdetection of cells as
background.

was significantly less than that of other cells, making it diffi-
cult to visually recognize the cell regions, or when there were
many granular matter (granular matter that appeared due to
the effect of reagents) remaining in the background regions
as shown in Figs. 7(e) and 7(h). This result suggests that
the cells are differentiated in response to the granular mat-
ter. Therefore, the prediction accuracy could be improved
by augmenting the images as shown in Fig. 7 to the training
data.

On the other hand, it should be noted that the current
prediction accuracy does not affect the construction of the
system, since the purpose of this study is not to improve the
accuracy of cell regions.

4.2 Melanin regions Extraction Results

This section describes the results of melanin regions ex-
traction. Figure 8 shows the results of melanin regions ex-
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Fig. 8 Result of melanin regions extraction.

traction using adaptive thresholding of the proposed method
and template matching of a previous study [16]. The stratum
corneum cells images in Fig. 8 are cropped to 228 px squares.
The images used are the same as in Sect. 4.1. Melanin is a
small granular matter with a size of a few pixels in the im-
age. The color density of each granule is different, and it
is extremely difficult even for experts to accurately recog-
nize the granular matter of melanin. For this reason, we do
not compare the accuracy of the melanin regions extraction
results using the ground truth.

In template matching, it is possible to dynamically ad-
just the granular matter to be detected by changing the tem-
plates and threshold values. For example, if we want to
detect only melanin with large size, template matching is
more effective than adaptive thresholding. On the other
hand, Adaptive thresholding has the advantages of a sim-
ple algorithm and easy tuning due to the small number of
parameters used. In this paper, we use the adaptive thresh-
olding method, which is easy to apply, assuming that the
magnifications of the microscope images used are different.

4.3 Scoring Results

We applied principal component regression to 87 stratum
corneum cells images using the 59 indicators in Sect. 3.3
to validate the scoring results by cross-validation. Table 2
shows a comparison of the expert’s visual evaluation scores
and the predicted scores from the regression analysis. Table 2
shows that the number of images with no error from the
visual evaluation on a 5-point scale was 54 out of 87, with a
prediction accuracy of 62.1%.

4.3.1 Validation results for the best model

The percentage of correct predicted scores is expected to vary
depending on the combination of indicators. In particular,
in this validation we did not know which of the features in

Table 2 Results of Comparison of Visual evaluation Scores and Predicted
Scores

Predicted Value
1 2 3 4 5 Total

1 6 5 0 0 0 11
2 1 14 5 0 0 20
3 0 2 15 4 0 21
4 0 0 9 10 3 22
5 0 0 0 4 9 13

V
is

ua
le

va
lu

at
io

n

Total 7 21 29 18 12 87

the image contributed to the score. Therefore, there was
concern that some of the indicators sed in the validation
included indicators that were not necessary for the analysis.
In this section, we validated the best model for this paper by
predicting scores for different combinations of the indicators
in Sect. 3.3.

The indicators used in this paper are broadly classified
into melanin density, brightness value, and granular size.
Therefore, we made a model-by-model comparison with a
reduced number of indicators by changing these combina-
tions. Table 3 shows the combinations of melanin indicators
that were validated. In Table 3, the data for melanin density
and brightness values in No. 8 to No. 13 are based only on the
data of 64 px size of the divided square regions in Sect. 3.3.1
and Sect. 3.3.2.

Table 4 shows the scoring results for each combination.
In Table 4, accuracy is calculated using the results with zero
declination. Table 4 shows that the best accuracy in the
combination of No.7 and No.8 is 64.4%. In addition, the
accuracy tended to be lower when only one type of indicator
was used, as in No.2-4 and No.9 and No.10. On the other
hand, although there was no noticeable trend between the
total number of indicators and accuracy, the selection of
appropriate indicators is considered to be important because
the interpretation of principal components might become
more difficult as the number of indicators increases.

Regarding the accuracy of this predicted score,
Hashimoto et al.[16] pointed out the ambiguity of human
visual evaluation and verified the validity of the predicted
results. In this paper, experts also reevaluated the stratum
corneum cells images used in this paper to validate the ac-

Table 3 Combinations of melanin indicators tested in the verification

No. Number of indicators TotalDensity Brightness value Granular size
1 30 24 5 59
2 30 0 0 30
3 0 24 0 24
4 0 0 5 5
5 30 24 0 54
6 30 0 5 35
7 0 24 5 29
8 10 8 5 23
9 10 0 0 10
10 0 8 0 8
11 10 8 0 18
12 10 0 5 15
13 0 8 5 13
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Table 4 Number of each declination and percentage of correct answers
for each combination of melanin indicators

No. Number of each declination Accuracy [%]0 1 2
1 54 33 0 62.1
2 48 37 2 55.2
3 49 37 1 56.3
4 48 39 0 55.2
5 55 32 0 63.2
6 55 30 2 63.2
7 56 31 0 64.4
8 56 31 0 64.4
9 46 39 2 52.9
10 47 39 1 54.0
11 53 33 1 60.9
12 55 30 2 63.2
13 53 34 0 60.9

Table 5 Results of Comparison of Visual evaluation Scores of Evaluator
A and Evaluator B

Evaluator B
1 2 3 4 5 Total

1 0 2 0 0 0 2
2 0 36 36 0 0 72
3 0 18 60 13 0 91
4 0 2 26 18 0 46
5 0 0 2 15 6 23Ev

al
ua

to
rA

Total 0 58 124 46 6 234

curacy of the predictions.

4.3.2 Expert reevaluation and validation of prediction ac-
curacy

In this section, we compared the results of the visual evalua-
tion of each Evaluator A and Evaluator B using 234 stratum
corneum cell images, which are different from the 87 images
used in Sect. 4.3.1, for the purpose of evaluating the ambigu-
ity of human visual evaluation. The stratum corneum cells
images used in this section are the same as those described
in Sect. 3. Evaluator A and Evaluator B are Trained Experts
who have been trained to avoid evaluation differences in the
diagnosis of stratum corneum images. Table 5 shows the
comparison results of the visual evaluation of Evaluator A
and Evaluator B. Table 5 shows that the number of images
for which the two evaluators’ evaluation values matched was
120, and the percentage was 51.3%. In addition, Table 4
shows that the accuracy for the combination of No.7 and
No.8 indicators was 64.4%, indicating that the evaluation
accuracy of this system is sufficiently high compared to the
visual evaluation.

These results indicate that it is possible to construct an
automatic skin condition evaluation system using the pro-
posed method.

5. Conclusion

In this paper, the scoring method based on principal compo-
nent regression was validated with visual evaluation scores
using features obtained from stratum corneum cells images.

As a result, we confirmed that the scoring method can pre-
dict the score of stratum corneum cells images with accuracy
equal to or better than that of visual evaluation. This indi-
cates that the proposed method is feasible for an automatic
skin condition evaluation system using unstained stratum
corneum cells images.

On the other hand, this paper did not consider differ-
ences in importance among the features obtained from the
images. Therefore, it is possible that some of the indica-
tors used might include indicators of relatively low impor-
tance. Further selection of the features to be used, based on
a dermatological perspective, would make the system more
appropriate.
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