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A Study of Preferred Skin Color Reproduction

Student: Chi-Hsuan Hung Advisor: Dr. Sheng-Jyh Wang

Department of Electronics Engineering, Institute of Electronics

National Chiao Tung University

Abstract

In this thesis, we propose rasystem of preferred skin color
reproduction, which can adjust the skin color-based on users’ preference.
There are three main function blecks-in-this system: skin color detection,
preferred skin color definition,and skin-color correction. First, we adopt
neural network to detect skin color in an efficient way. A fuzzy logic
method is proposed to classify the detected skin color. Second, users’
preferred skin color on different lightness is defined through a deliberate
experiment. Based on the conclusion of the experiment, the proposed
system can properly modify the detected skin color to achieve users’
preference without producing boundary artifacts.
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Chap 1 Overview

1.1 Introduction

Nowadays, images of high quality are highly demanded. We usually prefer
colorful and natural images. An important factor that may affect the colorfulness of
the perceptual quality is “memory color”. In daily life, three major types of memory
colors are human’s skin color, grass’es green color, and sky’s blue color. An image is
usually perceived to have better quality when the skin color, grass color, or sky color
in the image is well reproduced. In this thesis, we mainly focus on the reproduction of
human’s skin color.

On the other hand, images or videos may be displayed on different kinds of
display panels, like cathode ray tube (CRT) or liquid crystal display (LCD). Different
panels may have very different color characteristics and a color correction step is
required to ensure the display panel is well calibrated. The purpose of color
calibration is to build the mapping between the Seurce color space and the target color
space. Through the mapping .relationship. between color spaces, we can adjust
human’s skin color to users’ preferred skin color-and correctly display the corrected
colors on the display panels.

1.2 Preferred skin color reproduction

In preferred skin color reproduction, we find the skin color in an image and
adjust the color to users’ preferred skin color without much change on the background
colors. In Figure 1-1, we show an example of skin color detection.

(a) original image (b) detected results

Figure 1-1 Example of skin color detection



Then, according to the skin color probability of a pixel, skin-like colors are
adjusted to achieve user’s preference and the image quality can be improved, as
shown in Figure 1-2. In this thesis, we’ll focus on how to find user’s preferred skin
color and how to adjust the detected skin color.

(a) original image (b) corrected image

Figure 1-2 Results of preferred skin color reproduction




Chap 2 Background

2.1 Skin color characteristics

Among the colors perceived by human eyes, memory colors, like sky blue, grass
green, and human skin, play an important role on image quality. Especially, skin color
affects the most. To make skin color more natural, we have to understand the skin
color characteristics in the color space. In Figure 2-1, we illustrate the distribution of
the memory colors on the (u’, v’) color plane [5].

o6 grass
&,
o —21aN9¢
~ &)
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Figure 2-1 Distribution of sky blue, grass green.and human skin color on (u’, v’) color plane [5]

Human skin color is mainly. affected by ‘two factors, human race and
environmental lightness. These two faetors will-be'introduced in following sections.

1. Human race:

Human race can be roughly classified into three major kinds, Caucasian,
Mongolian and Black. Due to the distribution of melanin in the epidermis of different
man kinds, skin colors are different. On the other hand, the distribution of hemoglobin
in the dermis of different man kinds is almost the same. This is why skin color tends
to be red, as shown in Figure 2-2[1] .
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Figure 2-2 Physical view of skin [1]



2. Environmental lightness

Almost every object shows different colors at varying color temperatures, so
does skin color. Figure 2-3[1] illustrates this phenomenon, in which the x-axis denotes
the normalized R and the y-axis denotes normalized G, as defined in Equation 2-1.

o R g=— 3 _
R+G+B R+G+B Equation 2-1
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Figure 2-3 Skin color of different country’s people at varying color temperatures [1]

As mentioned above, skin color varies for different human races and also at
different environmental lightness conditions. Since the detection accuracy will have
large influence on the performance of skin color correction, these two factors must be
considered if we want to raise the accuracy of skin color detection. Considering the
detection accuracy, some existing methods will be discussed in the next section.



2.2 Skin color detection

Here, we classified the existing skin color detection methods into two categories.
The first category is called non-parametric methods. This kind of approaches requires
large labeled database to establish the skin color distribution in the color space so that
the accuracy of skin color detection can be raised. In contrast to the first category, the
second category utilizes some specific probability distribution models, like Gaussian
distribution. This kind of approaches, as called parametric methods, needs fewer data
to build the skin color model. These two kinds of approaches will be discussed
respectively in the following sections

2.2.1 Non-parametric methods

The advantage of this kind of approaches is that skin color area can be easily
detected by using some simple judgments. However, if we want to increase the
detection accuracy, a large amount of labeled data will be required for training. Figure
2-4 (b) illustrates a skin labeled image,:where. white represents skin color and black
represents background. Besides, .different databases may lead to different detection
results.

(a) original image (b) labeled image

Figure 2-4 Skin labeled image



2.2.1.1 Thresholding

This kind of approaches utilizes a large amount of labeled training data, and
constructs a statistical model to detect skin color. However, the detection performance
will be different if we use different color spaces for training. We will introduce some
existing methods in the following paragraphs.

Jason Brand [3] proposed a method, which adopts a simple threshold to detect
skin. Figure 2-5 shows the skin and non-skin distribution on RG, RB and GB planes.
It is obvious that the R/G ratio of every skin pixel is larger than 1, so is the R/B ratio
or G/B ratio. Therefore, a pixel which is consistent of this characteristic will be
classified as skin color.

Gireen

e

Skin /B ratio Non-skin

Figure 2-5 Skin and non-skin color distribution at RG, RB and GB color planes [3]

Jason Brand [3] also compared the detection accuracy under different constraints,
as show in Table 2-1. We can see that the classifier using R/G ratio has better
performance than that using R/B ratio or G/B ratio. Apparently, the detection
performance using three conditions is much better than that using only one condition,
as demonstrated in the fourth row of Table 2-1.

Table 2-1 SA (skin acceptance) and FA (false alarm) percentage under different constraints [3]

Training Set Test Set
SA FA SA FA
RIG 95.4% 36.3% 94.7% 35.6%
R/B 95.3% 41.7% 94.7% 41.1%
G/B 95.1% 71.5% 95.0% 69.5%
R/G +R/B + G/B 95.0% 33.1% 94.7% 32.3%




The above method adopts the RGB color space for training, but we may consider
some other color spaces. For example, Zheng[11] utilizes the GLHS[12] color space
to construct the skin color model. Equation2-2 illustrates the skin color characteristics.
In this equation s’(c) and I’(c) represents the saturation difference and lightness
difference, respectively. The details can be found in [11]

0.065<s'(c) <0.25
—-0.15<1I'(c)<0.27
0.005<h(c) <0.12
R>90

In Figure 2-6, original images are in the left column while the detection results
are in the right column. As demonstrated in the results, this method detects skin more
accurately than the previous method. Eyes, eyebrows and lips are eliminated from the
face area.

Equation2-2

(a) original image (b) detected results

e
e

(e) original image (f) detected results

Figure 2-6 Skin color detection results [11]



2.2.1.2 Skin probability map

Skin probability map (SPM) was proposed by Jason Brand [3] which also utilizes
a large amount of data in the RGB color space for training, as shown in Figure 2-7.
This approach detects skin color based on Bayesian’s Rule, as expressed in Equation
2-3.

P(S| X) = % P(S)  Equation2-3
P(X|S) : probability of pixel X occuring,

given skin

Figure 2-7 Skin color distribution in the RGB color space [3]

Table 2-2 illustrates the detection performance of-thresholding and SPM. Considering
the skin acceptance (SA), thresholding and -SPM have almost the same performance.
However, the false alarm of SPM is less than that of thresholding. The reason why
SPM has better performance is that it.utilizes more information about skin color.

Table 2-2 Detection perfermance of thresholding and SPM [3]

Training Set Test Set
SA FA SA FA
R/G +R/B + G/B 95.0% 33.1% 94.7% 32.3%
SPM 94.9% 19.8% 93.4% 19.8%




2.2.1.3 Histogram Lookup Table

Compared to the above methods, Rehg [4] adopts a statistical model, called
histogram lookup table. This model needs a larger amount of data for training, but
adopts easier constraints to detect skin color. To reduce the size of histogram, color
will be guantized. Both skin color and non-skin color model will be constructed, as
shown in Figure 2-8 (a). Through the direction of green-magenta axis, data will be
cumulated to produce an equiprobability contour, as illustrated in Figure 2-8.

White

Prabability

(a) 3-D full color histogram  (b) Surface plot of the marginal density  (c) Equiprobability contours

Figure 2-8 Equiprobability contours representation [4]

Through this statistical model} the equipfdba}bility contour model of skin and
non-skin color can be constructed by skin and hon=skin color images respectively, as
shown in Figure 2-9. Equation 2-4 and Equ%:ltion 2-5 can also be retrieved. From
Figure 2-9, it is obviously that the skin c’ologc;ontquriends to be red, but the non-skin
color contour keeps gray. k. i

White

\
', Blue

\,
' Blue

Skin color model

Non-skin color model

s|r . b
P(rgb|skin) = —q[;_‘f‘m] P(rgb|-skin) = _n[]r;y ]

]

Equation 2-4 Equation 2-5

Figure 2-9 Equiprobability contour model of skin and non-skin color [4]

s[rgb] : the counts of a color in skin color model

n[rgb] : the counts of a color in non-skin color model

Ts : the total counts of skin color in skin color model

Tn : the total counts of non-skin color in non-skin color model



By dividing Equation 2-4 by Equation 2-5, we can have Equation 2-6. Therefore,
as theta is decided, a pixel with the value of Equation 2-6 larger than theta will be
classified as a “skin” pixel. Equation 2-6

p(rgb | skin)
p(rgb | —skin)

For example, when theta equals one, p(rgb|skin) is larger than p(rgb|—skin). It
means the probability of this color in the skin color model is larger than the
probability in the non-skin color model. Therefore, this color will be classified as skin
color.

Rehg [4] also mentioned that through the receiver operating characteristics (ROC)
curve, as illustrated in Figure 2-10, theta can be decided by the required detection
accuracy. In ROC curve, x-axis represents the false alarm rate, which is the rate a
non-skin color pixel being correctly classified as non-skin color. On the other hand,
the rate which a skin color pixel is correctly classified as skin color is called
correction detection rate. It is represented by the y-axis of the ROC curve. Therefore,
we can evaluate the performance of detection methods through the ROC curve.

RO curves for adut Image defecion

SE L ge e germemmess pereenndn| —— 1 ROC curve for training data [
i ! ! t | = 2.ROC curve for test data
Il 1

i 1 1 1
2.4 0.18 o2 025 2.3 0.35 =P C45 as
Prpbatiity of e e JeleTen

Receiver Operating Characteristic Curve
(ROC Curve)

Figure 2-10 Receiver Operating Characteristics (ROC) Curve [4]

Besides, Rehg [4] discussed the quantization number and training data size,
which affect the skin detection performance. Comparison of histogram model and
Gaussian mixture model is also mentioned. In the following section, Gaussian mixture
model will be briefly introduced.
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Figure 2-11 shows that the histogram model performs the best when we take
quantization number as 32 and use all the training data.

ROC curves for skin detection

1
§
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1. 16" Histogram model trained on 1% of images
— 2 Mixture model trained on 1% of images
- 3. Mixture medel trained on 1% of data
askfe s ==+ 4 16 Histogram model trained on 1% of data
i c f ——  5.32° Histogram model on full training data
1 1 1 1 1 1 1 1
0 0.05 0.1 0.15 0.2 0.25 02 0.35 04 D.45 0.5

Probability of false detection

Figure 2-11 ROC curve of some existing methods [4]

Using the best approach mentioned above, Figure 2-12 shows the skin detection
results, in which black color repiesents skiyn' color while white color represents
non-skin color. Since this approach only utilizes the color information, some skin
color-like areas are falsely detected. s .

Figure 2-12 Skin color detection results [4]
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2.2.1.4 Neural network

Although neural network is classified into this category, it only requires some
representative training data to achieve desired performance and its performance is
almost compatible to histogram lookup table. Therefore, in this thesis, we adopt
multilayer neural network for skin color detection in our proposed system.

The approach proposed by Seow [14] is illustrated in Figure 2-13. There are
three main layers in neural network: input layer, hidden layer and output layer.
Considering the learning algorithm, error back-propagation learning is used.
Minimizing the squared error between the output value and the target value, the
weights of all neurons are updated sequentially from the output layer back to the input
layer. Equation 2-7 and Equation 2-8 demonstrate this learning algorithm.

Error back-propagation
A

Equation 2-8
Input Error
data .
Hidden E=3FE =3 -vel  Equation 2-7

Input Layer Layer Output Layer
Forward propagation

Figure 2-13 Multilayer neural network [14]

Figure 2-14 shows two skin color. détection results. It can be seen that multilayer
neural network has great performance on detecting skin colors from multiple races
and detecting the details on the face, such as eyes, eyebrows and lips.

(c) original image (d)detected results

Figure 2-14 Skin color detection results of multilayer neural network [14]
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2.2.2 Parametric methods

Compared to the first category, this kind of approaches only requires a small
amount of data for training. Based on some predefined probability models, theses
methods can be used on skin color detection. However, more computations will be
needed to achieve the same detection performance utilizing this kind of
non-parametric methods. Besides, since the skin color distribution changes in
different color spaces, detection performance may vary in different color spaces if
using only a simple probability model.

2.2.2.1 Unimodal Gaussian

Figure 2-15 shows the 3D and 2D views of the skin color distribution in the
YCDbCr color space. These distributions are similar to a Gaussian distribution. Thus, if
the mean and covariance matrix of Gaussian is decided, the model of skin color
distribution can be constructed.

Distribution of skin color

Distribution of skin color

0 50 100 150 200 250 300

Cr

3D view of skin color distribution 2D view of skin color distribution

Figure 2-15 3D and 2D views of skin color distribution

Equation 2-9 [6] expresses the Gaussian distribution function, where the mean
vector u represents the center of skin color distribution and the covariance matrix

> represents the range of skin color distribution. Hence, the conditional probability
p(X|S) demonstrates the probability of a pixel being skin color. The probability

increases as the value of (Ch, Cr) approaches the red area, as shown in the right figure
of Figure 2-15.

p(X|S) = (27) |22 exp{-[d (X))’ 12}
[d(R)] = (X— i)' = (X — /i)

Equation 2-9

13



As illustrated in Figure 2-16 [6] the false alarm rate when using a unimodal
Gaussian distribution was still too high.

(@) original image

(c) original image (d) detected results

(e) original image () detected results

(9) original image (h) detected results

Figure 2-16 Skin color detection results based on unimodal Gaussian distribution [6]
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2.2.2.2 Multiple Gaussian (Mixture of Gaussian)

Since the detection accuracy based on a unimodal Gaussian model was not
satisfactory, the multiple Gaussian model with expectation-maximization algorithm
has been proposed to enhance the performance. The multiple Gaussian model is an
improvement of the unimodal Gaussian model. The combination of two or more
Gaussian distributions with different weights may construct the skin color model
more accurately, as shown in Figure 2-17[6]

P(X)
- 00X 115 Ag) 9(x; 13 As) 7,
~
\ 9 2 A2) / \‘xﬁ\
f/f_ \‘x \ I-"I L
;f N ./_f"'_“ s 4 \
Y AY H// :_{' “
-'-(.z'f \,k ~ x/.-‘ ., -
~ .._-~"F>.f e - d . — . X

Figure 2-17 Multiple Gaussian model [6]

In this example, the linear combination:of three Gaussian distributions, as
expressed in Equation 1-10 can:roughly fit the target distribution.
P(X)=w,0(X; g3\ W0 (K5 2,3 Ay) + W30 (X 145, A3)  Equation 2-10
To enhance the detection accuracCy, expectation-maximization algorithm can be
adopted to update the mean and covariance matrix of each Gaussian distribution, as
expressed in Equation 2-11, Equation 2-12 and Equation 2-13. However, computation
complexity may greatly increase in the training stage.

1 N
- WZ p(l/x;,60%) Equation 2-11
i=1
N
> xp(/%,6°)
Inew — i:%\| Equation 2-12
> p(l/%,.6°)

i=1

3 P %,07)(% ™) (%, — )"
Ar;ew _ =l Equation 2-13

ip(l/xi,eg)
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Figure 2-18 [6] illustrates the skin color detection results. Compared to the unimodal
Gaussian model, the multiple Gaussian model performs much better.

(@) original image (b) detected results
sah  sihases i WaiRE

(c) original image (d) detected results

Figure 2-18 Skin color detection results through Multiple Gaussian model with EM [6]

2.2.2.3 Elliptical boundary model

Elliptical boundary model is a.simplified version of the unimodal Gaussian
model. However, this model requires more training data to estimate the center and
range of the ellipse. It is obviously “that"the skin color distribution can be well
contained in an ellipse, as illustrated in Figure 2-19 [8]

(a) r-g color space (b) CIE-u*v* color space

Figure 2-19 Skin color distribution in different color spaces [8]

After the mean and covariance matrix are estimated, skin color can be detected
through Equation 1-14.
O(X)=[X -] A [X -] Equation 2-14
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Then, a threshold theta is to be decided. When ®(X) < means the pixel X
belongs to skin color; otherwise, the pixel is classified as background. As mentioned
before, the decision of theta affects the rates of correction detection and false alarm.
When theta increases, performance is enhanced, and vice versa.

The ROC curve comparisons of unimodal Gaussian model, multiple Gaussian
model, and elliptical model in six different color spaces are also mentioned in [8] as
illustrated in Figure 2-20. The comparisons indicate that the elliptical model has the
best performance in these color spaces, but the unimodal Gaussian model performs
the worst.
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Figure 2-20 ROC curves of unimodal Gaussian model, multiple Gaussian and elliptical model

in six different color spaces [8]
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In Table 2-3 [8] skin detection (SD) is fixed and the false detection (FD) is used
to evaluate the performance. From the results, elliptical model also performs better
than unimodal Gaussian model and multiple Gaussian model, as illustrated in Figure
2-20. However, compared to SPM or Histogram Lookup Table in the first category,
these three approaches are a little worse in performance

Table 2-3 Detection performance of unimodal Gaussian model, multiple Gaussian and elliptical model

in six different color spaces [8]

Elliptical Boundary Model Single Gaussian Model Gaussian Mixture Model
SD FD SD FD SD FD
Average | 90.0% 23.3% 90.0% 47.0% 90.0% 38.4%
95.0% 35.7% 95.0% 67.8% 95.0% 47.8%
I-g 90.0% 21.3% 90.0% 54.4% 90.0% 34.3%
95.0% 32.4% 95.0% 68.5% 95.0% 39.8%
CIE-a*b* | 90.0% 25.3% 90.0% 52.0% 90.0% 41.4%
95.0% 37.0% 95.0% 71.1% 95.0% 52.1%
CIE-xy 90.0% 20.9% 90.0% 58.5% 90.0% 42.4%
95.0% 31.2% 95.0% 72.2% 95.0% 52.0%
CIE-u*v* | 90.0% 22.3% 90.0% 50.4% 90.0% 45.2%
95.0% 34.0% 95.0% 69.7% 95.0% 52.6%
Cb-Cr 90.0% 25.0% 90.0% 33.3% 90.0% 37.1%
95.0% 39.7% 95.0% 62.7% 95.0% 52.0%
1-Q 90.0% 25.0% 90.0% 33.3% 90.0% 30.0%
95.0% 39.7% 95.0% 62.7% 95.0% 38.0%
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2.3 Preferred skin color definition

Before preferred skin color reproduction, users’ preferences have to be defined.
As mentioned above, skin color varies with respect to different human races and
different lightness. Hence, users’ preference may alter a lot in different conditions.
Moreover, there are so many factors that may affect users’ preferred skin color, like
users’ background (race, culture, gender, age, etc.), image lightness, environmental
illumination, and color space, etc. In this thesis, we try to estimate users’ preferred
skin color based on a few psychological experiments

To find the influence of skin color with respect to different races, environmental
illumination and background lightness, some test patterns are needed. For example,
Figure 2-21 shows the eight test patterns selected by Kuang [9]. Given these test
patterns, skin color adjustment can be performed in a fixed color space. Adjusted
images are then compared by users and the most preferred image can be selected.
However, this straightforward approach requires a great amount of comparisons. As
the number of test patterns increases, the number of comparisons grows rapidly and
may even cause asthenopia.

(a) Asian-dark () Asian-medium (c) Asian-light

(e) Caucasian-indoor (f) Caucasian-outdoor

(9) Indian-lady

Figure 2-21 Test patterns [9]
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To solve this problem, Kuang [9] proposed a simple and fast approach called
cube-selection method, as illustrated in Figure 2-22. Besides, this method also
considers the large experimental deviation caused by these users who are not familiar
with image processing.

chroma ——— =
gk a—s 7
, -ﬂ:’:ﬂ A LA
= e -1 | Lightness
A
-1 d
-~
A1 L
e
P

Hue

Figure 2-22 Cube-selection method [9]

This method contains 14 comparisons in three rounds. In the first round,
combined adjustment of hue and chroma is compared 4 times, and then the adjustment
of lightness is compared. In the seeond round, comparisons similar to that of the first
round are used, but the adjustment scale is halved to increase the selection accuracy.
In the last round, only the combined adjustment of hue and chroma is compared. With

this approach, only 14 comparisons are needed to select one user’s preference for each
image.
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2.4 Color transformation

In preferred skin color reproduction, color transformation is the last step and also
the most important step. After skin color area is detected and preferred skin color is
defined, a poor color transform may cause discontinuous artifacts in the corrected
image. In the following sections, we will introduce some commonly used color

transformations.

2.4.1 Reinhard’s Color transfer

Reinhard [10] proposed a simple method to transfer color between two images,

as shown in Figure 2-23.

(a) source image

(c) adjusted image

“ (D) targetimage -

Figure 2—2:_3 Coloritr,_s_tgsfér between _ii'nages [10]

This approach only calculates the rr'ie"an‘( e B ) and covariance matrix (¢',c*,c”)
of the source image and target image. According to the above color information, target
color can be estimated, and the original colors will be transferred to new colors based

on Equation 2-15.

I = |(Is Is)+|t
O-S
~ o7 _
a=——(a,-a,)+a,
O-S
g
~ G —_— —_—
ﬂ:_tﬁ(ﬁs_ s)+ﬂt
O-S

Equation 2-15

However, the color information is not processed in the RGB color space, but in the
a3 color space defined by Reinhard [10] The reason is because the RGB color space
is highly correlated. To improve the performance of color transformation, a less
correlated color space is perferred. Equation 2-16 expresses the definition of the laf

color space.
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L 0.3811 0.5783 0.0402| R
M |=|0.1967 0.7244 0.0782 |G |,
| S| |0.0241 0.1288 0.8444 B
(17 [1/4/3 0 0 L]
al=| 0 1//6 0 M
W 0 0 V2|8

Equation 2-16

Hence, color space transformation has to be done before and after color transfer to
achieve desired results, as presented in Figure 2-24. In the first row, a low saturation
image is transferred into a high saturation image. In the second row, the atmosphere of
a forest image is transferred into market atmosphere. In the third row, the actual image

is transferred into a picture-like image.

(a) source image

(c) adjusted image

(d) source image

(f) adjusted image

.

(g) source image

(h) target image

(i) adjusted image

Figure 2-24 Results of color transfer [10]
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2.4.2 Affine transform

Affine transform consists of three operations, translation, scaling and rotation.
Color transformation can be implemented by combinations of these three operations.
Kim [2] adopts affine transform for color transformation, as illustrated in Figure 2-25
where x-axis and y-axis represent u” and v’, respectively. The blue triangles indicate
the original skin colors while the red triangles indicate the preferred skin colors.
Through affine transform, the outer ellipse is transformed to the inner ellipse, and the
preferred skin colors are reproduced.

0.54

046 | 4  Original Skin Color Point
4 Transformed Skin Color Point

5 1 1 1 1 1 I
0.19 0.20 0.21 0.22 023 0.24 0.25 0.28 n.27 0.28

u'

Figure 2-25:Preferred sKin color transformation [2]

However, this approach may cause some artifacts around discontinuous areas.
Therefore, Kim [2] proposed a method to diminish these artifacts, as illustrated in
Figure 2-26 [2] In this approach, the adjustment factor c..- is decided according to

the distance between a color and the skin color center (P,R,). In other words, if the

skin color similarity of a color decreases, the adjustment factor is reduced.

y N

W

Preferred Skin
Color c. PP
a

Original Skin
Color

b
| 4

u’

Figure 2-26 Illustration of artifacts elimination [2]
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Figure 2-27 shows the skin color reproduction results of two different races, Asian in
the first row and Caucasian in the second row. In these results, it can be seen that
reddish skin color becomes yellowish.

(a) original image (b) Reproduced image

() orlglnal mﬁa,ge o n:"f'(d)fieproduced image

'L' X w‘{ 1

b _.._'u_"l_ r"ll
Figure 2-27 Reproduction result&igfi,roﬁgh affine traﬁﬂbrm and artifacts elimination [2]

ﬂl'
.."*;", L ﬁ's-"
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2.4.3 Distribution mapping

Pitie [13] proposed a method on the mapping of N-dimensional probability
distribution. Figure 2-28 illustrates an example of mapping between two 2D
probability distributions. This method will rotate the original distribution on every
dimension until the KL distance is minimized. This approach is actually an
application of affine transform. The original distribution can be transformed to well fit
the target distribution and the artifacts in the image can be reduced. However,
computational complexity grows rapidly when the data dimension increases.

Some results of color transformations are shown in Figure 2-29. In the first row,
one scene is transformed into another scene. In the second row, the color of daytime is
mapped to the color of nighttime. In the third row, it is a mapping between two
lightness conditions. In the results, the desired color transformation is achieved and
image artifacts are apparent. However, the computational complexity is very heavy.

- i
il
I P
Target distribution original distribution iteration |
- =t
| . e
- =
iteration 2 iteration 3 iteration 4
= L 3
" ! " Y o
0 S 4
(L |
T #O0ES Y =1 o |.\
e N O Pl 1
1 1 K [3
iteration 6 iteration 20 KL distance

Figure 2-28 Mapping between two 2D probability distributions [13]
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(c) adjusted image

(d) Source image (e) Target image (f) Transformed image

_ :‘- =] ,':-::' ‘.‘ 1 =
(9) source iamge (h) targetimage | -

Ly

(i) adjusted image

Figure 2-29.Color transformed results [13]

Besides, this method can also be used for étmoébhere transformation, as presented in
Figure 2-30. In the middle column, image atmosphere is transformed into 70’s air. In
the right column, a club atmosphere is produced.

INA-BBC

(a) source image

(d) atmosphere of 70’s (e) club atmosphere

Figure 2-30 Results of atmosphere transformation through distribution mapping [13]
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Chap 3 Proposed methods

This chapter introduces our proposed preferred skin color reproduction,
including skin color detection, preferred skin color definition and skin color
correction. Figure 3-1 shows the flow chart of preferred skin color reproduction. This
system detects skin color regions first, and then the colors of detected regions will be
corrected according to users’ preference. These three processes will be discussed in
the following sections.

User
Preferred
skin color
Input image distribution
Skin 'color . Skin color
detection correction

Output image

Figure 3-1 Flow chart of preferred skin color reproduction
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3.1 Neural network-based skin color detection

As mentioned before, there are two categories of skin color detection approaches.
One category requires a large amount of data to construct the skin color distribution
model. The other category utilizes a more complicated skin color model for detection
but with smaller database. In this thesis, a multilayer neural network is adopted to
detect skin color, as illustrated in Figure 3-2. In this figure, a 4-layer neural network is
used, in which the input is the RGB values and the output is the probability of being
skin or non-skin color. With this neural network, skin color regions within an image
can be easily detected.

Skin

hidden layer

Figure 3-2 Multilayer neural network [15]

There are some reasons why a neural network is adopted in this thesis for skin

color detection.

» Most computations are spent during the off-line training. At the detection
stage, the computational complexity is very light.

» This approach doesn’t require a large database to construct skin color

distribution model.

Fuzzy logic can be easily adopted to facilitate skin color correction.

High detection accuracy.

Y VvV

>  Great adaptation for objects deformation and multiple human races [16] .
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3.2 Preferred skin color experiment

As aforementioned, there are so many factors that influence skin color. Hence, in
this thesis, a psychological experiment is designed to find the preferred skin color at
different conditions. However, it is impossible to find a preferred skin color that
everyone likes. Here, we focus on some specific users with similar backgrounds to
simplify the problem. The problem can be even simplified if we focus on “a single
user’s preferred skin color”. In the following sections, experimental settings and the
adopted methods will be introduced.

3.2.1 Experimental settings

Figure 3-3 shows our experimental settings. A 37-inch LCD panel is used for
preferred skin color observation. The distance between a user and the panel is about
60 to 80 cm, and the normal office fluorescent light is used for environmental
illumination. Besides, we limit the experiment time of every user to be less than one
minute to avoid experimental errors_cause:by,asthenopia. Seventeen students in the
Electronics Engineering Department of National Chiao Tung University participated
in this experiment. ‘ |

60~80cm

Figure 3-3 Preferred skin color experimental settings

All the test images are captured by a Konica Minolta DIMAGE X50 camera. Figure
3-4 shows the selection of test patterns. This image set is used to test whether the
environmental illumination, gender, and human race may have influence over the
preferred skin color. In the test patterns, there are two genders, female and male; and
three kinds of environmental illumination, outdoors, indoors with flashlight, and
indoors without flashlight.
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(a)Caucasian female
(outdoor)

(d)Caucasian male
(outdoor)

(1)Asian male

(outdoor)

el

(b)Caucasian female
(indoor, without flash)

(c)Caucasian femle
(indoor, with flash)

(e)Caucasian male
(indoor, without flash)

-

(k)Asian male

(indoor, without flash)

(f)Caucasian male
(indoor, with flash)

(DAsian male
(indoor, with flash)

(9)Black female (outdoor)

(h)Black female
(indoor, without flash)

Figure 3-4 Test patterns
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3.2.2 Experimental methods

The Graphic User Interface program is written in Matlab. In Figure 3-5, we show
this interface, which include.
(a) aregion to display the test pattern;
(b) a selection icon to select human race, which can be Asian, Black, or Caucasian;
(c) an icon to select the test pattern;
(d) three bars to select preferred values of hue, saturation and value (intensity);
(e) a “RESET” button; and
() a“SAVE” button.

B prer_skin_vi1 o8

(b)

© Asian Black Caucasian H (d)

Female_outdoor ~ (C)

o ] @

Figure 3-5 Graphic User Interface

Since the HSV color space better fits the perceptual color of human eyes than
most color spaces, users can easily select the preferred skin color image through the
adjustment of hue, saturation and value. To avoid affecting background colors, only
the skin color will be adjusted. Hence, the skin color regions of each image had been
manually segmented in advance, as shown in Figure 3-6.

(b) manually segmented skin
regions

(a) test image

Figure 3-6 Hand-labeled skin color mask
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Further, to avoid these artifacts appearing at the discontinuous regions between
skin color regions and neighboring non-skin color regions, a manually segmented
mask is smoothed via a 5-by-5 averaging kernel to reduce the discontinuity. Figure
3-7 illustrates the smoothed mask.

1/25 ... 1/25

1/25 - 1/25)

(a) Skin color mask (b) Blurred Mask

Figure 3-7 Illustration of the mask passed smoothed via a 5-by-5 averaging kernel

Take the outdoor Asian female image as an example. If a user prefers to increase the
saturation and intensity values by 5, then the adjusted image looks like the image
presented in Figure 3-8 (b).

(@) original image (b) users’ preferred image

Figure 3-8 Example of a user’s preferred skin color image

After all users have selected their preference, the skin color within a small region,
as illustrated in Figure 3-9, will be analyzed among different users to find the
differences with respect to environmental illuminations, gender, and human races.

Figure 3-9 Selected skin color region (red square)
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3.2.3 Experimental results

Based on the proposed experiment, we can get some statistical results about
preferred skin color. Figure 3-10 (b) and (c) show the preferred skin color distribution
on the HS and SV color planes for the outdoor Asian female image. The red points
represent the original skin color in the image. The blue points (0~16) represents
preferred skin colors of the 16 users. The green mark represents the mean of all users’
preferences.

In Figure 3-10, it can be seen that more users (11 persons) prefer higher hue
value while fewer users (6 persons) prefer lower hue values. The numbers of users
who prefer higher saturation values and lower saturation values are almost the same.
Most users (15 persons) prefer higher intensity values while only 2 persons prefer
lower intensity values. Based on this statistical results, we can assume that most
people prefer 1~2 degrees of increase on the hue value, no changes on the saturation
value, and 6~7 percent of increase on the intensity value.

Asinn FO Hue-Saturstion Doman
oy v
11

(a) original image (b) hue-saturation distribution of preferred skin color
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(c) saturation-intensity distribution of preferred skin color

Figure 3-10 Preferred skin color distribution of the outdoor Asian female image
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Figure 3-11 shows the preferred skin color distribution on the HS and SV color planes
for the indoor without flashlight Asian female image. In the results, most users (12
persons) prefer lower hue values while others prefer higher hue values. Most users (11
persons) prefer higher saturation values while others prefer lower saturation values.
All users prefer higher intensity values. Hence, it is assumed that, for the indoor
without flashlight Asian female image, users prefer 2~3 degrees of decrease on the
hue value, 1~2 percents of increase on the saturation value and 9~10 percents of
increase on the intensity value.
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Figure 3-11 Preferred skin color distribution of the indoor without flashlight image
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Figure 3-12 shows the preferred skin color distribution on the HS and SV color
planes for the outdoor Caucasian female image. Most users prefer higher hue,
saturation and intensity values. Hence, it is assumed that, for the outdoor Caucasian
female image, users prefer 2~3 degrees of increase on the hue value, 1~2 percents of
increase on the saturation value and 4~5 percents of increase on the intensity value.
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Figure 3-12 Preferred skin color distribution of the outdoor Caucasian female image
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Figure 3-13 shows the preferred skin color distribution on the HS and SV color
planes for the indoor with flashlight Caucasian female image. Most users prefer
higher hue values while others prefer lower hue values. Almost every user prefers
lower saturation values while a few prefer higher saturation values. All users prefer
higher intensity values. Hence, it is assumed that, for the indoor with flashlight
Caucasian female image, users prefer 1~2 degrees of increase on the hue value, 4~5
percents of decrease on the saturation value, and 6~7 percents increase on the
intensity value.
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Figure 3-13 Preferred skin color distribution of the indoor with flashlight Caucasian female image
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Figure 3-14 shows the preferred skin color distribution on th HS and SV color planes
for the outdoor Black female image. The numbers of users prefer higher
hue/saturation values and lower hue/saturation values are almost the same. Most users
(12 persons) prefer higher intensity values while a few prefer lower intensity values.
Based on the statistical analysis, the distribution of preferred skin color of the Black
female image has a wide range. Hence, it is roughly assumed that, for the outdoor
Black female image, users prefer 1~2 degrees of increase on the hue value, no
changes on the saturation value, and 2~3 percents of increase on the intensity value.
However, the preferred skin color of this case is difficult to define.
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Figure 3-14 Preferred skin color distribution of the outdoor Black female image.
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Figure 3-15 shows the preferred skin color distribution on the HS and SV color
planes for the indoor without flashlight Black female image. The numbers of users
prefer higher hue values and lower hue values are almost the same. Most users prefer
lower saturation values and higher intensity values. Hence, it is assumed that for the
indoor without flashlight Black female image, users prefer no changes on the hue
value, 2~3 percents of decrease on the saturation value, and 2~3 percents of increase
on the intensity value.
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Figure 3-15 Preferred skin color distribution of the indoor without flashlight Black female image
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Table 3-1 shows the prefer skin color results of all test patterns. There are three marks
in the first column. The first mark represents the human race, which can be Asian,
Black, or Caucasian. The second mark represents the gender, which can be female or
male. The third mark represents the environmental condition, which can be outdoor
(O), indoor without flashlight (I) and indoor with flashlight (1). Take Asian M. IF. As
an example, it represents the image of indoors with flashlight Asian male image.

Table 3-1 Preferred skin color results of all test patterns

H H1 S| St Vi V1
Asian F. O. 6 11 8 9 2 15
Asian F. I. 12 5 6 11 0 17
Asian F. IF. 6 11 9 6 11
Asian M. O. 1 16 10 7 1 16
Asian M. 1. 1 16 9 8 0 17
Asian M. IF. 2 15 13 4 5 12
Black F. O. 8 8 9 5 12
Black F. I. 8 12 5 5 12
Caucasian F. O. 3 14 6 12 4 13
Caucasian F. 1. 6 11 15 2 0 17
Caucasian F. IF. 8 9 13 4 3 14
Caucasian M. O. 17 0 12 5 0 17
Caucasian M. 1. 5 12 16 1 1 16
Caucasian M. IF. 6 11 15 2 4 13

Observing in Table 3-1 the hue and saturation values of the preferred skin color,
there is no unanimous preference under all conditions, such as different human races,
different genders, or different environmental illuminations. Nevertheless, the intensity
value of preferred skin color tends to increase for every condition.

Furthermore, if the image is captured under a low illumination condition, the
skin color is darker. Hence, almost every user prefer increases the intensity value of
skin color at all kinds of conditions. However, if the image is captured under a high
illumination condition, some users prefer reducing the intensity value of skin color
while most users still prefer raising the intensity value.

Since there is no common direction of the preferred skin color adjustment among
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all users, the mean of preferred skin color is measured, as listed in Table 3-2. In this
table, the HSV color space is adopted.

Table 3-2 Mean of original skin color and preferred skin color

Mean of original skin color Mean of preferred skin color
Caucasian (16.86, 43.55, 71.52) (16.43, 40.40, 76.55)
Asian (21.90, 39.62, 68.32) (23.57, 39.29, 73.02)
Black (26.50, 36.16, 63.09) (26.51, 36.98, 69.73)

In Table 3-2, the preferred hue value of Asian images is smaller than that of
Black images, but is larger than that of Caucasian images. The preferred saturation
value of Asian images is smaller than that of Caucasian images, but is larger than that
of Black images. The preferred intensity of Asian images is smaller than that of
Caucasian images, but is larger than that of Black images. Hence, we can assume that
the preferred skin color of Asian images is between that of Caucasian images and
Black images.

3.2.4 Summary of Experiment

From the experimental results mentioned-.above, we reach the following
conclusions.

>

There is no unanimaus preferred hue and saturation values for all users
under all conditions. Hence, sootherpreferred values are only defined based
on the averaged values of all users’ preferences.

The preferred skin color of ‘Asian people is between that of Caucasian
people and Black people. Hence, it is assumed that the preferred skin color
of Caucasian people and Black people are two extreme cases. Any other
preferred skin colors can be acquired through a weighted summation of
these two extreme cases.

Users prefer raising the intensity value of skin color under all conditions.
Moreover, higher intensity values require smaller adjustments while lower
intensity values require larger adjustments. Hence, the adjustment of skin
color intensity can be decided based on the intensity value of the original
skin color.

As mentioned before, it is difficult to define the preferred skin color that
everyone likes. Hence, in this thesis, the mean of all users’ preference is adopted to
define the preferred skin color. On the other hand, for a specific user, if we want to
know his/her skin color preference, we may still adopt this experiment to gather the
statistical trends of his/her skin color preference.
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3.3 Intensity-based skin color classification

After the preferred skin color is defined, the detected skin color has to be
classified. According to the classification results, the skin color can be reproduced. As
mentioned before, the skin color is mainly caused by the hemoglobin and melanin. In
the skin of different human races, the amount of hemoglobin is almost the same, but
the amount of melanin is varying. There are two important factors that affect the
amount of melanin: human race and sunlight. Figure 3-16 [17] illustrates the human
skin color distribution of the whole world. Since the sunlight near the equator is
stronger, people who live there have darker skin color. Oppositely, people who live far
from the equator have lighter skin color.

e e —— e
Arctic circle v =

Tropic of Cancer
"~

Equator

4

Tropic of Capricorn

*

Human Skin Colour Distribution

wvon Luschan scale

12].51821242

Figure 3-16 Human sKin color distribution [17]

Hence, different human races may share similar skin colors if they are exposed to
different degrees of sunlight exposure.: This phenomenon can be illustrated in Figure
3-17, which was plotted by ChiCha. In this figure, three columns show the skin color
under dark, middle and light illuminations, respectively. The nine rows represent
different combinations of sunlight conditions and human races.

Dark |Middle | Light

Pallor-African
Midtone-African

Tanned-African

Pallor-Asian
Midtone-Asian

Tanned-Asian

Pallor-Caucasian

Q Mittone-Caucasian
Il |Tanned-Caucasian

Figure 3-17 Skin color of different human races under different sunlight conditions [18]
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These 27 kinds of skin colors can be further plotted on the HS and SV color
planes, as shown in Figure 3-18. We use three letters to represent each skin color.
The first letter represents sunlight condition, including pallor (P), midtone (M)
and tanned (T). The second letter represents human race, including Asian (A),
Black (B) and Caucasian (C). The third letter represents lightness condition,
including dark (D), middle (M) and light (L).

In the HS color plane, it can be observed that the saturation of skin color is
reduced when the environmental lightness increases. However, the perceptual
results do not have any help on skin color classification. On the other hand, in
the SV color plane, some perceptual results can be obtained. For example, when
the environmental lightness increases, the skin color intensity is raised and its
color looks brighter. Oppositely, when the environmental lightness decreases, the
skin color looks darker. However, considering the sunlight conditions and human
races, the skin color distribution has a very wide range and offers no referable
information.
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Figure 3-18 The distribution of different skin color on HS and SV color planes.
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According to the above results, the skin color characteristics of different human
races cannot be clearly defined. Hence, it’s difficult to classify the detected skin color
simply based on color information. Moreover, according to the skin color
characteristics and the results of preferred skin color experiment, there are some
conclusions.

» The skin color of human race in an image has more influence on users’
adjustment on the hue and saturation values of preferred skin color. From the
experimental results, users’ preferred skin color of different human races has
occupied different regions in the HSV color space.

»  The lightness of skin color in an image has more influence on users’ adjustment
on the intensity of preferred skin color than human races.

»  The skin color of different human races under different sunlight conditions may
be similar. Environmental illumination has great influence on skin color
classification.

It is obvious that environmental illumination is a great influencing factor of skin
color classification. Furthermore, theusers’. adjustment on preferred skin color
intensity is based on the lightness of the original. skin color. Therefore, the image
intensity, instead of human race, is adopted. in: our approach for skin color
classification. As shown in Figure 3-19, fuzzy membership function can be utilized to
define the weights of each skin ¢olor, including dark skin, midtone skin and light skin.
Through this classification, the adjustment of skincolor can be easily decided.

Midtone Light
skin skin

Intensity
Figure 3-19 Fuzzy membership function of skin color classification

Figure 3-20 shows an example of skin color classification. Blue color represents the
light skin color while the green color represents the midtone skin color. Based on this
result, the preferred skin color under different lightness can be defined.

(b) result after skin color

(a) original image e .
classification

Figure 3-20 Example of skin color classification
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3.4 Similarity-based skin color adjustment

This section will introduce the similarity-based skin color adjustment based on
the results of skin color detection and classification. As mentioned before, the skin
detection of neural network is fuzzy logical and it is helpful on skin color adjustment.
Since there are only two results, skin color and non-skin color, for most skin color
detection methods, the detected regions are often incomplete, as shown in Figure 3-21
(b). Therefore, artifacts may appear at the discontinuous regions between skin color
regions and neighboring non-skin color regions, as indicated within the red square of
Figure 3-21 (c).

(a) original image (b) detected-restlts (c) correction artifacts

Figure 3-21 Skin color detection results-and skin €olor adjustment artifacts

To diminish this kind of artifacts;-the-distance between the original skin color
and the preferred skin color is considered to decide the degree of adjustment. If the
neural network is adopted for skin"color detection, the detected results at color
discontinuous regions will be fuzzy logical, as shown in Figure 3-22 (b), and can offer
the information about the probability of being a skin color. Hence, the degree of skin
color adjustment can thus be varied based on the skin color probability. With such a
neural network, artifacts can be greatly reduced.

(b) result of skin color (c) reproduced image

a) original image
(8) orig g detection

Figure 3-22 Skin color detection results through fuzzy logic neural network
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3.5 System Overview

Figure 3-23 shows the preferred skin color reproduction system. First, a neural
network is utilized to detect skin color, and the skin color probability distribution of
an image is retrieved. Second, based on our proposed fuzzy membership function, the
skin color will be classified based on the intensity value. Third, according to the skin
color classification results and the user-defined preferred skin color, the degree of
adjustment can be decided. At last, based on the skin color probability model and
adjustment degree, skin color will be reproduced.

Original image

NN-based
skin color
detection
Intensity-based
skin color
classification
Similarity-based User-defined
skin color preferred
adjustment skin color

|

Preferred image

Figure 3-23 Preferred skin color reproduction system
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Chap 4 Experimental Results

Through our proposed method explained in Chapter 3, the skin color regions in

an image can be correctly detected. The colors in these regions can be reproduced
according to user’s preference. The preferred skin color reproduction for different
human races will be shown in the following sections.
Figure 4-1, Figure 4-2 and Figure 4-3 present the reproduction results of Caucasians.
As shown in Figure 4-1 (b), the eyes, lips and necklaces can be eliminated from the
detection results. From the skin color classification result as shown in Figure 4-1 (c),
it is obvious that skin color of most pixels belong to midtone skin color. Figure 4-1 (d)
shows the adjusted skin color. Since the saturation of original image is a bit higher
than users’ preference, the saturation value will be reduced. At the same time, the
intensity of the image is also increased.

4

asia0ffce Ji/ |

(@) original image (b) result of skin color detection

o~

Al asaome /|

(c) result after skin color classification (d) reproduced image

Figure 4-1 Experimental results of Caucasian male
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Based on users’ preferences, the hue and saturation of the original skin color are
reduced, while the intensity value is increased, as shown in Figure 4-2 (d). In the
results, preferred skin color is reproduced, and the artifacts at the discontinuous
regions between the skin color and non-skin colors are also eliminated.

(@) original image (b) result of skin color detection

(c) result after skin color classification (d) reproduced image

Figure 4-2 Experimental results of Caucasian female

In Figure 4-3, the saturation and”intensity of the original skin color are lower
than users’ preferences. Hence, both saturation and intensity values are increased to

achieve preferred skin color.
= gy -

(@) original image (b) result of skin color detection

(c) result after skin color classification (d) reproduced image

Figure 4-3 Experimental results of multiple Caucasians
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Figure 4-4 and Figure 4-5 show the experimental results for Asians. The saturation

and intensity are increased.

(@) original image

(b) result of skin color detection

(c) result after skin color classification

(d) reproduced image

Figure 4-4 Experiment results of Asian male

(@) original image

(c) result after skin color classification

(d) reproduced image

Figure 4-5 Experimental results of Asian female
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Figure 4-6 and Figure 4-7 show the experimental results for Blacks. The hue and
intensity values of the original skin color are raised, while the saturation value is
reduced, as shown in Figure 4-6.

(@) original image (b) result of skin color detection

(c) result after skin color classification (d) reproduced image

Figure 4-6 Experimental results of Black female

In Figure 4-7, the hue and intensity values of the original skin color are raised
according to users’ preference.

(a) original image (b) result of skin color detection

N

(c) result after skin color classification (d) reproduced image

Figure 4-7 Experimental results of another Black female
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In the above experimental results, only one human race is present in each image.
Based on our proposed method, the skin color of multiple human races can also be
detected and reproduced, as shown in Figure 4-8.

(@) original image (b) result of skin color detection

(c) result after skin color classification (d) reproduced image

Figure 4-8 Experimental results of multiple human race
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Chap 5 Conclusions

In our proposed preferred skin color reproduction system, a well-trained neural
network is used for skin color detection. A multilayer neural network can detect skin
color regions accurately and efficiently. The neural network also has great adaptation
to the skin color detection of multiple human races. In our subjective preferred skin
color experiment, a graphic user interface (GUI) is developed to help users to
efficiently select preferred skin colors. Besides, in our experiment, it is found that the
environmental illumination has great influence on skin color classification. Hence, a
fuzzy logic system using lightness information is adopted to classify skin colors.
According to the classification results and user’s preference, the detected skin colors
are reproduced without producing artifacts at the discontinuous regions between the
skin colors and neighboring non-skin colors.
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