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The fairly recent standard of equipping mobile devices 
with advanced imaging sensors has opened the possibility 
of conveniently diagnosing skin conditions, anywhere, 
anytime. For this application, we attempted to estimate 
skin conditions from a skin image taken by a mobile 
handheld camera. To estimate the skin conditions, we 
specifically identified three skin features (pigmentation, 
pores, and roughness) that can be measured quantitatively 
from a skin image. The experimental data indicate that 
the existing thresholding methods are inappropriate for 
extracting the pigmentation and pore skin features. Thus, 
we propose a new line-fitting based thresholding method 
for skin feature detection. We thoroughly evaluated our 
proposed skin condition estimation method using our skin 
image database. The experimental results show that our 
proposed thresholding method can better determine the 
threshold leading to the most visually plausible detection, 
when compared to existing methods. We also confirmed 
that skin conditions can be feasibly estimated using a 
common mobile handheld camera (for example, a 
smartphone). 
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I. Introduction 

The detection of human characteristics is a steadily growing 
area of research, and has attracted a good deal of interest and 
effort [1]–[5]. In recent years, the field of application in this 
area has expanded to include medical purposes (for example, 
the detection of melanoma) [6]–[10]. Until recently, the 
diagnosis of a skin condition required an office visit to a 
dermatologist with a specialized apparatus (for example, a 
dermatoscope) [11]–[14]. However, the fairly recent standard 
of equipping mobile devices with advanced imaging sensors 
has opened up the possibility of conveniently diagnosing skin 
conditions, anywhere, anytime [15]. As such, this technique 
can enable the inexpensive diagnosis of skin conditions 
without the need for specialized equipment (for example, a 
dermatoscope). 

Existing specialized skin apparatuses can be used to extract 
diverse skin features (for example, freckles, elasticity, wrinkles, 
skin sebum, moisture, pores, pigmentations, and roughness) to 
estimate various skin conditions. Some of these features are 
difficult to actually capture using a mobile handheld camera 
(for example, a smartphone). Nonetheless, one can expect at 
least some visible skin features to be detected using a mobile 
camera. In this paper, we focus on extracting a region of subtle 
skin features (for example, pigmentation or pores) in a facial 
skin image to diagnose various skin conditions. After the 
feature extraction from a skin image, we quantitatively 
measure the amount of skin features captured. 

We have roughly categorized the segmentation methods into 
different algorithms based on their thresholds, clustering, and a 
deformable model [8]. We concentrated on a threshold-based 
approach owing to its rapidity and reduced complexity. For 
skin feature extraction, thresholding represents one of the most  
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commonly used techniques [5], [12]–[14], [16]. Otsu [17], [18] 
proposed a broadly used conventional thresholding method 
that assumes that an input image has a district bi-modal 
distribution, classifying images into two classes by finding a 
threshold that minimizes the intra-class variance of each class. 
Kapur thresholding [19], [20] serves as another popular 
method, and is based on the information entropy of two classes 
in the image histogram. Although renowned with a good level 
of performance, these two existing methods are inappropriate 
for general skin analysis applications. The Otsu method works 
poorly unless an image has an explicit bi-modal distribution, 
whereas the Kapur method shows a poor performance if a 
single side of the distribution is long-tailed. Other conventional 
thresholding methods include histogram approximation 
(finding an optimal threshold that has the minimum error 
between the histogram and its approximated model for each 
class) [21], and the maximum curvature for a unimodal 
histogram (detecting a point showing a drastic change of 
curvature in a unimodal distribution) [22].  

Though appropriate for the segmentation of a bimodal 
histogram derived from distinctive skin features (for example, a 
tumor or melanoma), these conventional methods [17], [18], 
[21], [22] appear inadequate to the segmentation of 
pigmentation or pores. We propose a thresholding method, 
herein called line-fitting, to find an optimal threshold, 
particularly for the extraction of pigmentation and pores. 

Meanwhile, many existing skin detection research efforts 
have used the HSV color space [23], [24] by assuming in 
particular that the skin regions range in hue, saturation, and 
value. Pigmentation, in particular, possesses a strongly 
saturated color compared to other skin features such as hair, 
moles, and pores. The saturation component in the HSV color 
space represents the degree of color saturation [16]. Thus, we  
 

extracted the pigmentation from the histogram of the saturation 
component using the proposed line-fitting method. On the 
other hand, for the detection of the pore regions, we found 
experimentally that the blue component in the RGB color 
space shows the most distinguishable intensity distinction 
between pores and the background skin region. We also used 
the proposed line-fitting thresholding method to extract the 
pore regions in the blue domain of the RGB. Estimated 
quantitatively, the roughness represents another major skin 
feature, measured on the remaining normal skin regions 
(excluding the pigmentation and pore regions). Skin roughness 
has been estimated from the gray-level background distribution 
of a normal skin region using smoothness and entropy 
measures [25]. We widely evaluated the proposed skin 
condition estimation method through our own skin database 
constructed for this work, thereby confirming its effectiveness. 

The remainder of this paper is organized as follows. In 
Section II, we elaborate on the proposed skin feature extraction 
method in detail. In Section III, the skin feature extraction 
results are provided. Finally, in Section IV, we provide some 
concluding remarks regarding this research. 

II. Proposed Skin-Feature Extraction Method 

The purpose of the proposed method is to quantitatively 
measure the pores, pigmentation, and roughness. Figure 1 
shows the entire process of the proposed skin condition 
estimation method. First, we adjust the illumination effect prior 
to the feature extraction. We then extract the pigmentation and 
pore regions by applying the proposed line-fitting method to  
a histogram within the specific color domain. Finally, we 
estimate the skin roughness from the background of a normal 
skin region (excluding the pigmentation and pore regions). 
 

 

Fig. 1. Skin condition estimation by extracting the pigmentation and pores, and measuring the roughness quantitatively. 
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Fig. 2. Sample points of each sub-block used to estimate the
overall illumination of the input skin image: (a) input skin
image and (b) sample points of each sub-block. 
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1. Adjustment of Illumination Effect  

To robustly estimate various skin conditions, an adjustment 
of the illumination effect is needed because the surrounding 
illumination can vary significantly in different skin images 
taken by a mobile camera, leaving the feature extraction of 
very tiny skin features significantly susceptible to such 
conditions. Thus, accurate skin feature detection essentially 
requires the removal of the illumination effects. The existing 
shading attenuation method [14] models the shading effects 
through a quadratic surface function, using only pixels at the 
corner of the skin image (under the assumption that the 
pigmentation is located at the center of the image). In this paper, 
we apply this shading attenuation method more generally using 
sample data points uniformly distributed throughout the entire 
skin image for global illumination estimation. 

The skin images analyzed in this paper were taken close to 
the facial skin, with the actual captured skin region being very 
small, as shown in Fig. 2(a). Thus, the illumination was slightly 
non-uniform, varying considerably within the skin area. The 
global illumination effect on the skin image can be sufficiently 
modeled as a two-dimensional quadratic function as follows: 

2 2( , )F x y ax bxy cy dx ey f      ,       (1) 

where F(x, y) is the estimated illumination intensity at the 
position (x, y). To find F(x, y) in (1), the use of all pixel 
positions incurs a high level of complexity; instead, we use 
only some of the sample data points. We partition the input 
image into sub-blocks, and use the median values of each 
block as sample points (because the median value is highly 
likely to represent a normal skin region). Note that non-normal 
skin regions (for example, hair, pores, and reflected regions) 
are generally too dark or bright. 

The sample data points for the skin image in Fig. 2(a) are 
illustrated in red in Fig. 2(b). We found the coefficients of   
F(x, y) in (1) by fitting these sample points to function F(x, y), 
satisfying (2) as follows: 

 

Fig. 3. Adjustment of illumination effect: images of (a) skin 
(before illumination adjustment), (b) estimated overall 
illumination, and (c) illumination-free image (after 
illumination adjustment). Note that the second row 
represents the brightness of the first row visually. 

(a) (b) (c)
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where Fi and zi are the ith estimated value and the sample point, 
respectively, and N is the total number of sample data points. 

Figure 3 shows an example of the illumination effect 
adjustment algorithm. The first row in Figs. 3(a) and 3(c) are 
the input and output skin images of the illumination adjustment 
algorithm, respectively. Figure 3(b) shows the overall estimated 
illumination effect on the input skin image. The images in the 
second row illustrate the brightness of the images in the first 
row visually. A blue color represents dark regions, whereas red 
indicates bright areas. We estimated the illumination-free 
image IF(x, y) in Fig. 3(c) by dividing the input skin image   
I(x, y) in Fig. 3(a) using the normalized overall illumination 
function F(x, y) in Fig. 3(b), as shown below: 

( , ) ( , )/ ( , )FI x y I x y F x y .         (3) 

We then extracted the skin features from this illumination-
free skin image, IF(x, y). 

2. Line-Fitting Based Thresholding 

The motivation of the proposed approach was to determine a 
threshold position that can easily and accurately extract the 
pigmentation and pores from a skin image. Through numerous 
experiments, we found a particular tendency, that is, over the 
skin image histogram, the pigmentation and pore regions 
appeared at the end of the histogram with a long tail shape 
from a specific point. 

Figure 4(b) illustrates a typical example of pigmentation 
extraction, with a histogram shape that approximates an inverse 
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Fig. 4. (a) Example skin image including pigmentation, (b)
thresholding of the histogram using the Otsu (dash-line) 
and Kapur (dot-dash line) methods, and pigmentation
detection results (white area) by again using (c) Otsu,
and (d) Kapur methods. 
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gamma curve. We found existing thresholding methods, such 
as those by Otsu [17] and Kapur and others [19], to be 
inappropriate for the thresholding of these types of distributions 
for the following reasons. Originally developed for a bi-modal 
distribution, the Otsu method does not work well for an inverse 
gamma distribution. Figure 4(c) shows a pigmentation region 
detected using the Otsu method, revealing a large false-positive 
rate (meaning that it detected too many regions that do not 
belong to the pigmentation). The other method, Kapur, applied 
thresholding in an excessively conservative manner, as shown 
in Fig. 4(d). We deduced from these experimental observations 
that, in many cases, we can obtain a more visually plausible 
detection result than that provided by the Otsu and Kapur 
methods, and instead propose a line-fitting based thresholding 
method. 

We experimentally found that a position where a long tail 
starts in the histogram, as shown in the vertical lines in Fig. 5, 
usually becomes a boundary between normal skin and the 
pigmentation/pore regions. To find this optimal point, we 
used two best-fitting lines to the half histogram, shown in  
the dashed lines in Fig. 5. Suppose that we partition the 
histogram of a skin image into two regions: normal skin and 
pigmentation/pore regions. Each region is fitted individually 
using a line over the histogram. For this case, we achieve the 
best linear fit when separating the histogram using the point 
from which a long tail starts, as shown in the vertical lines in 
Fig. 5(c). From this observation, the goal of the proposed 
algorithm was to find an optimal point that best fits both 
regions linearly. 

For the line-fitting based thresholding, we first divide a 
histogram into two parts based on its maximum points. For 

 

Fig. 5. (a), (b) Cases of a poor line fit, and (c) best line fit for an 
optimal threshold. 
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example, suppose that there is a potential threshold point on the 
right-half side of a histogram, as shown in Fig. 5. Thus, we 
consider only one-half of a histogram (the right side) to find an 
optimal threshold. We partition half of the histogram into two 
regions again using an arbitrary threshold point, approximating 
each region as a line using the least mean square error (LMSE). 
The LMSEs for the left and right lines are denoted and 
expressed respectively by 

2
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t t
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     and          (4) 
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    ,            (5) 

where h(x) indicates the histogram intensity at point x, n is the 
horizontal length of the histogram, and yL,t and yR,t are the best-
fit lines for the left and right sides of threshold point t, 
respectively. 

We defined the total errors at current threshold t as the 
normalized sum of the two LMSEs in (4) and (5), and we 
found an optimal threshold t* by minimizing the total errors as 
follows: 

L, R,

L, R,

* arg min t t

t t t

e e
t

 
 

  
  

,          (6) 

where L,t  and R,t  are the standard deviations of the 

LMSEs between the histogram and the left and right fitted lines, 

respectively. 

3. Skin Feature Extraction 

A specialized apparatus for a skin diagnosis can be used to 
extract a variety of skin features (freckles, elasticity, moisture, 
pores, pigmentation, roughness, and so on). Among these 
features, we select certain features in particular that can be 
detected from skin images taken by a mobile camera (for 
example, the pigmentation, pores, and roughness). This section 
describes how to accurately extract and quantify these skin 
features. 
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Fig. 6. Color spaces used to extract the pigmentation and pores:
histogram of (a) saturation component in the HSV color
space and (b) blue component in the RGB color space. 
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A. Pigmentation Detection 

When applying pigmentation extraction at the gray-level, 
other skin features (for example, pores, hair, and moles) are 
likely to be erroneously detected together because these 
features in general have a similar or lower intensity than the 
pigmentation. In other words, we find it difficult to separate  
the pigmentation from these features at the gray-level. To 
overcome this challenge, we use the saturation component in 
the HSV color space, as shown in Fig. 6(a). 

Observations that pores, hair, and moles are almost colorless, 
whereas the pigmentation has a strongly saturated color [19], 
motivated our usage of the saturation component. Thus, 
pigmentation and pores can be effectively separated, owing to 
their wide distance in the saturation domain. As shown in   
Fig. 6(a), normal skin generally accounts for the largest part, 
and therefore the larger histogram bins correspond to normal 
skin regions. In addition, pores, hair, and moles are located on 
the left side of the normal skin in the saturation histogram 
because these features are colorless, whereas colorful 
pigmentation is situated to the right side of the normal skin. 

Figure 7 shows how the number of pigmentation features is 
quantified. After we determine the optimal threshold, t* in  
Fig. 7(c), using the proposed line-fitting method, we partition 
the saturation range of the pigmented areas into N discrete 
levels. We experimentally fix the range of each level just after 
the optimal threshold t* as 0.1. We assign weight di to each 
level from the left as it gradually increases with level i, as 
shown in Fig. 7(c). In other words, we assign a larger weight to 
a higher saturation level, meaning a more severe pigmentation. 
We compute the score of the pigmentation region as 

1

score
N

i i
i

R d


  ,              (7) 

where N is the number of the partitioned levels, Ri is the ratio of 
the pigmentation region corresponding to the ith pigmented 
level, and di is the magnitude of the weight for the ith level. Note 

 

Fig. 7. Pigmentation extraction: images of (a) skin and (b) 
extracted pigmentation, and (c) magnitude of the weight 
at each pigmentation level after the optimal threshold. 
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that N increases as the saturation range of the pigmentation 
region widens. Thus, if the region of pigmentation is broader and 
its saturation value is higher (that is, the pigmentation is more 
remarkable), the score in (7) increases. 

B. Pore Detection 

We experimentally found the blue component in the RGB 
color space appropriate for pore detection because pores in the 
blue component generally appear most distinctive to the naked 
eye while having the largest variance in this domain (compared 
to other color spaces, such as R and G in the RGB color space, 
L in the La*b* color space, and Y in the YUV color space). In 
the histogram of the blue component, the pores were generally 
located at the left, as shown in Fig. 6(b), whereas the 
pigmentation was near the center of the histogram. Thus, the 
pore and pigmentation can be easily separated in the blue 
domain. In contrast to the pigmentation detection, the pores are 
located on the left-half side of the histogram, where the 
thresholding was applied. 

However, the hair and moles have a similar luminance with 
the pores. Thus, it was necessary to remove these hair and mole 
regions from the pore-segmented image additionally after 
thresholding. Figure 8 shows the effect of hair removal post-
thresholding. Figure 8(c) shows an image of the initial pore 
detected, which was obtained through thresholding in the 
histogram of Fig. 8(b). As shown in the image, a couple of 
hairs, as well as pores, were also extracted together. To remove 
these hair regions, we applied a morphological operation to the 
initial pore detected image, as shown in Fig. 8(c). Figure 8(d) 
shows the resulting image after applying the morphological 
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Fig. 8. Removal of hair regions using morphology: images of (a)
skin, (b) blue component in the RGB color space, (c)
initial pore detected (before hair removal), and (d) final
pores detected (after hair removal). 
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Fig. 9. Removal of mole regions: images of (a) skin, (b) initial
pores detected (before mole removal), (c) estimated mole
region, and (d) final pore regions (after mole removal). 
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hair removal operation. When comparing the image in     
Fig. 8(d) with that in Fig. 8(c), the hair region removal appears 
to be satisfactory. 

Moles also showed a similar intensity with the pore regions, 
as shown in Fig. 9(a). Fortunately, the moles generally have a 
much larger size than the pores, and thus we used their size 
difference for the mole separation. We applied the erosion of 
the morphology to separate moles from the initial pore detected 
image shown in Fig. 9(b). After applying the erosion operation, 
only large sized lumps remained, as shown in Fig. 9(c). We 
then subtracted these segmented moles from the initial pore 
image, obtaining the final pore regions shown in Fig. 9(d). 

To measure the skin conditions quantitatively with respect to 

 

Fig. 10. Pore extraction: images of (a) skin and (b) extracted 
pores, and (c) magnitude of the weight at each pore 
level after thresholding. 
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the pores, we considered the number, regional ratio, and depth 
of the pore regions. We scored the ratio and depth equal to (7), 
as shown in Fig. 10. We found the optimal threshold, t* in  
Fig. 10(c), using the proposed line-fitting method in the blue 
component histogram of the input skin image. We separated 
the pore regions into N discrete levels depending on their depth, 
uniformly fixing the interval between each level to 5 
experimentally. The magnitude of weight (di) increased linearly, 
as depicted in Fig. 10(c). We calculated the final pore score 
through the weighted sum of the regional ratio using (7). We 
automatically counted the number of pores by clustering lumps 
of pore pixels. 

C. Skin Roughness 

Skin roughness represents one of the major features to 
estimate the conditions of the skin, as measured on the 
remaining normal skin region (with the exception of the 
pigmentation and pore regions). Figure 11 shows the process of 
separating the background skin region from the pigmentation 
and pore regions. We quantitatively measured the roughness of 
the skin texture by calculating the intensity variations of this 
background skin region. 

We adopted smoothness and entropy as roughness measures. 
Smoothness R is given by 

2

1
1

1
R


 


,              (8) 

where  is the standard deviation of the background skin 
region. It was expected that, the larger the smoothness is, the 
rougher the skin. Another roughness measure, entropy E, was 
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Fig. 11. Background skin region extraction and its histogram.
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defined in [16] as 
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  ,           (9) 

where p(zi) is the normalized frequency of the ith bin in the 
background skin region histogram. Similarly, a larger entropy 
value indicates rougher skin. 

III. Experimental Results 

We used a variety of skin images for the experiments. Test 
skin images were actually taken at a fixed distance of 3 cm 
from the facial skin using a Samsung Galaxy S4-Zoom 
smartphone, shown in Fig. 12. A total of 103 test close-up skin 
images from 41 adults over 20 years in age were extracted 
from the cheek regions. 
The images were taken in indoor environments easily affected 
by the surrounding illumination. This factor had a particularly 
impairing influence on the detection of very tiny skin 
pigmentations and pores. Thus, the effects of the illumination 
should be adjusted in advanced skin feature extraction.  
Figure 13 shows the effects of the illumination-adjusting 
algorithm. The first row, (a) in Fig. 13, lists four different skin 
images, whereas the second row, (b), shows the estimated 
illumination effects. The blue component in the RGB color 
space of the input skin image is shown in the third row, (c). The 
fourth row, (d), is the pore-extracted results from (c), which still 
contains illumination. We observed that almost all pores 
extracted from (c) are located in the dark regions corresponding 
to the blue area in Fig. 13(b). These results show the essential 
need for an illumination adjustment before pore extraction. The 
illumination-free images are shown in the fifth row, (e), and 
their pore extraction results are shown in the sixth row, (f). The 
pores were distributed evenly in the original skin images in  
Fig. 13(a), and this similar pore distribution can be observed 
from Fig. 13(f). These experimental results showed that the 
illumination adjustment algorithm worked effectively. 

 

Fig. 12. Acquisition of a skin image using a mobile camera 
(smartphone).  

 

 

Fig. 13. Effects of the illumination-adjusting algorithm: images of 
(a) skin, (b) estimated overall illumination, (c) blue 
component of (a) in the RGB color space (before 
illumination adjustment), (d) extracted pore regions from 
(c), (e) illumination-free image of (c) (after illumination 
adjustment), and (f) extracted pore regions from (e). 
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Next, we compared the proposed line-fitting thresholding 

method with the conventional popular methods by Otsu [17] 
and Kapur [19], as well as histogram approximation [21] and 
maximum curvature [22]. Figures 14 and 15 show the results 
of the detected pigmented regions for the two test images. The 
darker the green is, the more severe the pigmentation. In the 
test image of Fig. 14, widely occupied strong-pigmented 



ETRI Journal, Volume 38, Number 4, August 2016 Ji-Sang Bae et al.   783 
http://dx.doi.org/10.4218/etrij.16.0115.0942 

 

Fig. 14. Pigmentation detection results: (a) input skin images
using (b) Otsu and (c) Kapur methods, (d) histogram
approximation, (e) maximum curvature, and (f)
proposed method. 
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Fig. 15. Pigmentation detection results: (a) input skin images
using (b) Otsu and (c) Kapur methods, (d) histogram
approximation, (e) maximum curvature, and (f)
proposed method. 
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regions have a bimodal histogram in the saturation component. 
The Otsu method, shown in Figs. 14(b) and 15(b), and 
histogram approximation, shown in Figs. 14(d) and 15(d), 
aggressively detected too many pigmented regions, thus 
including even normal skin regions. On the other hand, the 
Kapur method, shown in Figs. 14(c) and 15(c), conservatively 
detected severely pigmented regions only. In Fig. 15, the 
pigmented region was over-estimated in images (b), (d), and 
(e). However, the results of the proposed method showed 
plausible detection results for both cases. 

For pigmentation detection, it was probably difficult to 
measure the accuracy of the thresholding method quantitatively 
because the ground truths for these skin images do not exist. To 
objectively evaluate the performance of the proposed method, 

Table 1. Pigmentation detection accuracy. 

Pigmentation MOS 

Otsu [17] 3.08 

Kapur [19] 3.35 

Histogram approximation [21] 3.24 

Maximum curvature [22] 3.12 

Proposed 3.66 

 

Table 2. Pore detection accuracy. 

Pores Matching rate Accuracy (%) 

Otsu [17] 1.59 89.32 

Kapur [19] 0.57 66.02 

Histogram approximation [21] 0.40 74.76 

Maximum curvature [22] 1.07 81.55 

Proposed 0.95 91.26 

 

 
we applied a mean opinion score (MOS) test for each skin 
image. We asked 20 subjects to score the accuracy of the 
pigmentation detection for each method as 1 (bad), 2, 3, 4, or 5 
(good). The quantitative results for pigmentation detection are 
shown in Table 1. The proposed method achieved a better 
MOS test value than the other methods, achieving very close to 
the ‘good’ category. 

For the pores, we evaluated the proposed method in two 
quantitative ways. We defined the first, the matching rate, as 
the proportion of the estimated number of pores to the ground 
truth determined by the subjects. Thus, a matching rate of 1 
indicates that the method estimates the number of pores 
perfectly, whereas a matching rate of larger than 1 indicates that 
the method overestimates the number of pores (and vice versa 
with a matching rate of smaller than 1). Table 2 shows the 
average matching rate for the 20 subjects, which is similar to 
the intuitively estimated results. The second quantitative 
measure is the estimation accuracy, which is regarded as 
correct when the estimated pore number falls within the 
interval between the minimum and maximum number of pores 
counted by the naked eye (because the number of pores 
counted varies depending on the subject). Note that counting 
the number of pores in a skin image can be very subjective. 
The accuracy of each method is presented in the third column 
of Table 2. Figures 16 and 17 show the pore detection results of 
each thresholding method. In most cases (including these 
examples), the Otsu [17] and maximum curvature [22] 
methods found a large threshold, which led to wide pore 
regions. On the other hand, the Kapur method [19] and  
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Fig. 16. Pore detection results: (a) input skin images using (b)
Otsu and (c) Kapur methods, (d) histogram
approximation, (e) maximum curvature, and (f)
proposed method. 

(a) (b) (c)

(d) (e) (f)

 

 

 

Fig. 17. Pore detection results: (a) input skin images using (b)
Otsu and (c) Kapur methods, (d) histogram
approximation, (e) maximum curvature, and (f)
proposed method. 

(a) (b) (c)

(d) (e) (f)

 

 
histogram approximation [21] found pores in a conservative 
manner. Through both quantitative and qualitative evaluations 
(as shown in Table 2 and Figs. 16 and 17), we confirmed that 
the proposed method extracts the pore regions more plausibly 
than other conventional methods. 

Finally, Table 3 shows the experimental results of the skin 
roughness. We compared both the smoothness and entropy 
measures for each skin image because no ground truth was 
available. We evaluated five example skin images, listed in 
increasing order of quantitative value in Table 3. Both the 
smoothness and entropy measures coincide with the same 
ranks. Recall that we calculated the skin roughness from the 
histogram of the background skin regions (which did not 
include pores or pigmentation). When estimating the roughness 

Table 3. Roughness estimation results. 

Input image Smoothness Entropy Rank 

 
0.7512 2.3174 1 

 
0.8507 2.6272 2 

 
0.9428 3.0141 3 

 
0.9664 3.4478 4 

 
0.9827 3.9937 5 

 

 
of the skin images in Table 3 heuristically by the naked eye, the 
ranks indeed appear to be correct and considerably reasonable. 

IV. Conclusion 

In this paper, we proposed a skin condition estimation 
method using a mobile handheld camera. Unlike with a 
specialized apparatus for a skin diagnosis, the capability to 
capture skin features with a smartphone camera has been 
relatively limited, representing a challenge for smartphone-
based skin condition estimation. For skin condition estimation, 
we identified the pigmentation, pores, and roughness as skin 
features that can be measured quantitatively from a skin image. 
We first applied an illumination adjustment to extract the skin 
features because the skin images analyzed can be negatively 
affected by the illumination in a daily environment. Next,   
we proposed a new thresholding method to detect the 
pigmentation and pores from the skin image. The existing 
thresholding methods performed well within a range of 
applications. However, these methods have often failed to 
accurately detect inconspicuous skin features from a skin 
image because their distributions were generally unimodal   
in shape. Hence, we proposed a new line-fitting-based 
thresholding method that is suitable for skin feature detection. 
We actually applied the proposed method to the detection of 
both pigmentation and pores, achieving much better detection 
results than conventional methods. Finally, we adopted 
smoothness and entropy as measures for calculating the skin 
roughness, which are measured in the remaining background 
skin region (after removing the pigmentation and pore regions). 
The experimental results based on the smoothness and entropy 
coincided closely with the heuristic ranks given by the naked 
eye.  
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In this work, we attempted to confirm the feasibility of skin 
condition estimation using a mobile handheld camera. 
However, a number of challenges still remain. We fixed the 
shooting distance between the facial skin and camera in this 
work. If the distance varies dynamically, the skin feature 
detection algorithms will need to work adaptively because the 
size of the extracted skin features (for example, pores and 
moles) depends directly on the skin-to-camera distance. In 
addition, an accurate determination of the skin conditions 
importantly involves more skin features (for example, freckles, 
elasticity, skin sebum, and moisture), which presents significant 
measurement challenges when using only an imaging sensor. 
Additional sensors (for example, near-infrared sensors) will be 
needed, requiring further research and investigation. 
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