International Journal of Multimedia and Ubiquitous Engineering
Vol. 9, No. 10 (2014), pp. 231-242
http://dx.doi.org/10.14257/ijmue.2014.9.10.22

Skin Color Detection Using PCA-based Color Representation

Sungyoung Kim and JaepilKo

Dept. Computer Engineering, Kumoh National Institute of Techonogy, Daehak-ro 61,
Gumi, Gyeongbuk 730-701, Korea
{sykim, nonezero}@kumoh.ac.kr

Abstract x)
Skin color detection is the process that classifies unknown colors into % r ‘non-skin

classes. Skin color detection is preliminary step for facial or tyre can reduce
search space for next higher level processing. In this p e shov%? proposed PCA-
based color representation can give better performa ently used color
spaces such as XYZ and Luv. For skin detecti 5|f|cat|on models —

histogram model and elliptical boundary mode k/\g non-skin colors. The
experimental results show the PCA-based coIq%presenta ionY¥s more efficient than other
color representation and the existing. P ed rg&ntaﬁon based on the two
classification models.

Keywords: Skin Detection,zé&ram% ry Elliptical Model, Chrominance,

Luminance, Classification

1. Introduction
D

The utilization of go @vision %ology has been becoming more active than in
previous years in r I In particular, facial and gesture analysis are very common
technologies in ma I|c io h as smart TV, video surveillance, bio-informatics,
human—machl ce and e san example, you can control volume or turn channel on
TV with your $ or body@esture instead of remote controller. It is also possible for you to
play games W|th your ga nsoles by using just your body motion. Likewise, facial and
gesture analysis is very | for many research and application area.

Faces or hands n is essential step for next analysis or recognition for the faces or
hands. There are excellent researches on face or hand detection but automatic skin

detection pI ajor role in this field [1, 2]. Skin detection can speed up intermediate or
higher I$ essing by reducing search space. Pixel based method [3] is a very popular

approac kin detection. Skin detection can be achieved by skin classification or
seg i@ n at pixel level that is to classify the pixels on input images into skin and non-skin
class Pixel-based skin detection has long history and continues to be interesting research
topic until now [4, 5].Skin detection at pixel level is not trivial process and several main
factors such as illumination, camera characteristics, ethnicity, individual characteristics like
age and sex, and other additional factors as shadow must be considered [6, 7].

Two important aspects in pixel-based skin detection are the choice of color spaces used for
skin modeling and skin models for classification [6, 8-11]. The choice of color spaces are first
step in skin detection. There are various kinds of color spaces but RGB color space is primary
space. RGB color space is not good choice for skin modeling but Jones and Rehg [13]
compared the performance of histogram and mixture models in skin detection based on RGB
color space. Other color spaces can be computed by linear or non-linear transformation from
RGB color space. As skin colors have less variance in chrominance than luminance, usually
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only chrominance components except luminance component are used for skin modeling.
Normalized RGB, CIE XYZ, perceptual color spaces (HIS, HSV, HSL), TSL, orthogonal
color spaces (YCbCr, YIQ, YUV), perceptual uniform color space (Lab, Luv) are often used.
There have been some comparative studies [8-11] but no one is superior to others [12].
Chenaoua and Bouridane [14] tried to combine several color spaces as a substitute for
choosing the best color space. They used input vectors of 24-dimension elements from seven
color spaces and convert the vectors to 3-dimensional vector by using PCA. PCA was used to
compute the representative colors but the approach required intensive memory on a computer.

As mentioned earlier, skin detection is a kind of two-class classification problem.
Classification model for skin detection should be defined to decide a class of input colers.
There exist three important models — histogram model, Gaussian mixture ynodels; and
elliptical boundary model. Jones and Rehg [13] compared the performance h%gram and
mixture models. They computed skin and non-skin histogram and built a s@ ifier using
maximum likelihood. They also used 16 Gaussian for d'non es. Elliptical
boundary model [15] is a parametric model for color skls‘\fﬁ pared the model
with Gaussian mixture models with six Gaussians f ors

This paper explores contributions of PCA on or detégtio and shows that PCA-
based color representation can give better perl,térm nce thanNgther frequently used color

spaces such as XYZ and Luv. Skin colors i colar e ‘are transformed to the new
mathematical space using PCA. We will Sh%s PCA-b epresentation of skin and non-

skin colors give excellent skin detection % co to the existing color spaces. We use
two classification models — histogra el a aI boundary model. Skin color and
non-skin color histogram are coég for ski ctlon but elliptical boundary model is
created using just skin colors. ill shaw pt cal boundary model combining skin color

and non-skin color give goowrforma ce n color detection.
The remainder of the s orga follows: Section 2 describes the superiority of
PCA-based color rep%:& ton for skimcolor detection. Sections 3 and 4 summarize skin
n

detection process b histo model and elliptical boundary model, respectively.
Experimental in Sect 5dshows the performance of the PCA-based color
representation. ly, w c@lu e in Section 6.

2. Effectiveness &A based Color Representation on Skin Color
Detection

2.1.PCAon Vectors
Princi mponent analysis (PCA) is a process to transform a set of data into a set of
lin orrelated components. The computed components from input color space are

principal components. A pixel in an image has three values of typically R, G, and B
and so can be expressed as a vector of 3-dimension. If the image is of size WxH, there will be
a total of WH3-dimensionvectors and a color vector is represented as x = [R G B]. Let X be a
matrix of the vector population, then the mean vector and covariance matrix of the vector
population X are defined as Eq. (1) where E{x} is the expected value of x.

m, = E{x}
Cx = E{(X - mx)(x - mx)T}

It is always possible to find a set of n eigenvectors because C, is real and symmetric. Let A
be a matrix whose rows are the eigenvectors of C, according to their eigenvalues in
descending order. The matrix A is a kx 3 in size where k is the number of eigenvectors and

@)

232 Copyright © 2014 SERSC



International Journal of Multimedia and Ubiquitous Engineering
Vol. 9, No. 10 (2014)

k<n. The x’s are linearly transformed into vectors y’s by Eq. (2).Vector x is transformed to a
lower dimensional vector y of dimension k.

y = A(x —m,) )

In this paper we use two kinds of data set from the ECU [8] and Compag [13] to gather
skin and non-skin training samples. ECU dataset consists of 4,000 images where 1% images
are from digital cameras and the rest are from web. Compag dataset consists of 13,640 images
from web. ECU dataset contains only skin images but Compaq dataset has 4,675 skin and
8,965 non-skin images.

Training samples on skin colors are extracted from skin images in ECU datas As ECU
dataset contain just skin images, we extract training samples on non-skin col non—
skin images in Compagq dataset. Although Compaq dataset contain skin images se ECU
skin images to compare the performance of skin detection against the meth Chenaoua
and Bouridane [14] with same dataset. 4&)‘

The number of color samples of skin and non-skin are Q
Due to the huge number of vectors and memory limjta
transform matrix A for PCA. In such case we can
algorithm can carry out the SVD of a larger m
consisting of H additional color vectors. By ‘%
incrementally.

2.2. Luminance and Chrominan eé%tlon % PCA

a un red on, respectively.
ssible to calculate a
[16, 17]. The R-SVD
(X ere N is an Hx 3 matrix
R- SVQ%/e can update the Eigen-basis

First channel in PCA-bas repres n n corresponds to eigenvector with the
largest eigenvalue among three eigenvalug envector with the largest eigenvalue gives
good representation for Iu nce in ages [18]. Color spaces such as Luv, TSL,

YCbCr, YIQ, and HSP sen to s e luminance and chrominance. PCA-based color
representation can % re ene —concentrated luminance component than other color
spaces. Figur hree e (components) applying PCA to a color image using
Eigen-basis o@ olors u can see in the figure, most of variance due to the
illumination is entra the first component. On the other hand there is little variance
in luminance around fa hand as you can see in the second component. The same is true

in the third compone

General color s@such as Luv and HSI represent colors for general purpose but PCA-
based color, representation is useful for specific purpose. Let’s compare PCA-based
representati \gm HIS color space. We compute standard deviation of skin colors from the
input im@hgure 1. The standard deviations of three components (from largest to smallest
eigenvalig)) in PCA-based color representation are 0.4107, 0.0443, and 0.0160 respectively,
wh%standard deviations are 0.2345, 0.0793, and 0.2197 in the order of I, H, S. The
component of largest eigenvalue in PCA-based representation has larger variation than I, but
the second component in PCA has smaller variance than H or S.

Figure 1. PCA-based Color Representation
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The first image is the first component of PCA that has a largest eigenvalue, and the second
and the third are the second and third components, respectively.

3. Skin Color Detection based on Histogram Model

Histogram is well-known statistical structures for representing of the distribution of color
samples. Each bin of a histogram counts the number of occurrence of the bin but can be easily
converted into a probability distribution by dividing total number of data. Histogram model is
very useful given large amount of training data. Jones and Rehg [13] showed that histogram
model gave good skin detection results compared to Gaussian mixture models on same data.

In this paper we create two histogram models for skin and non-skin colors.%ﬁram
model is a non-parametric model which estimate color distribution from trai ataset.
Histogram model can be created easily and quickly from given traini g set and is
independent on the distribution of colors. We create skin coldr rodel dataset and
non-skin color model with Compag dataset. These two a et pro@ufﬂmently large
training images for skin and non-skin color histog chrominance
components in color images, all histogram exce two-dlimensional structure.
Histogram for PCAS3 is 3-dimension and are comp odl usmg@ sed representation that
are transformed from 24-dimensional color vec 14].

Figure 2 shows the histogram on chno e com| ts of PCA2, normalized rgb,
Lu*v* and XYZ for skin colors. Histo |ze is 2 p%56 PCA2, normalized rgb, and
Lu*v* give intensive distribution m»%' min c ponents. PCA2 is PCA-based 2-
dimensional color representatio plylng% to skin colors. Figure 3 shows the
histogram on chrominance ¢ ents for pnon-skin colors. Histogram of non-skin colors
shows more dense distributio&Jnear gray pm&hn skin colors.

S
-

g
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Figure 2. Contour Plots for Skin Chrominance Histogram with 256 Bins
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The first one is for PCA2, the second is for normalized rg, the third is for u*v* and the last
is for XY.

I B ,{J L
Figure 3. Contour Plots I@g?skm C&nance Histogram with 256 Bins
The first one is for PCA2, secon(@\ rmalized rg, the third is for u*v* and the last

is for XY.
The probabllltles iven C?;; at belongs to the skin and non-skin classes are

computed by n ski n-skin color histogram model. Scoor and Neoior are the
number of plx® the giveneplorin skin color histogram and non-skin color histogram,
respectively. T d Tno?:,@ the total number of pixels in the skin and non-skin histogram,

respectively.
S
@P(colorlsktn) = Zcolor
Tskin

&' N
()Y Plcolorinon — skin) = eolor

®)
Q non-skin
@mown color is classified into a skin or non-skin class according to Eq. (4). The color
is classified into skin when the ratio R is greater than a given thresholdé. Eq. (4) is the

standard likelihood ratio. The threshold & is between 0 and 1, and provides a trade-off
between reducing false positive and increasing true positive.

P(color|skin)

(4)

- P(color|non — skin)
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4. Skin Color Detection based on Elliptical Boundary Model

Elliptical boundary model [15] is similar with single Gaussian model that use Mahalanobis
metric but differs with the Gaussian model in using just distinctive chrominance value when
creating classification model. Lee and Yoo [15] noted that skin colors have skewed
distribution due to gray, and proposed the elliptical boundary model to address the problem. It
gives better skin detection results against both single and mixture of Gaussians on the
Compag dataset.

The elliptical boundary model is defined as Eq. (5), and w and A are given by Eq. (6)
where Xi’s are distinctive chrominance vectors of training data and f(X;) is the pumber of
pixels with X;. N is total number of pixels in training data and y the mean of all crwance
vectors. A color X is classified into skin class if ®(X) <é.The threshold tr%yoff true
positives against false positives. é

() = [X I A X — y) 6 . %)
L Q’Q N
V= ;in

Zfl(l %X, u)T\@

The boundary model of sk«&%ors gives skm detection performance, but can be
expanded with non-skin colors. If we creafe&undary elliptical model with non-skin colors
as well as skin colors, we e the | d ratio in Eq. (7) to classify an unknown color
into a skin or non-skirt @Thls ratl ery similar with the ratio in Eq. (4) of histogram
model. The ratio in howe has the form of that the numerator and denominator are
inverted. This is-hegalse P (c in) and P(color|non-skin) have values of probabilities but
®(color | skin d(color km) are metric of distance. ®(color | skin) and ®(color |
non-skin) are 3 Ior from the elliptical boundary model concerned with skin
and non-skin colors, re ely.

®(color|non — skin
(& (color| ), -

®(color|skin)

@Qntal Results

section we will show the performance of skin detection based on PCA-based color
representation. Skin colors are extracted from ECU dataset [8] that consists of original and
skin-segmented images. Non-skin colors are extracted from non-skin images in Compag
dataset [13]. The skin colors and non-skin colors in RGB color space are transformed to
another mathematical space by using PCA and then histogram and elliptical boundary models
are created based on the skin and non-skin colors, respectively.

We compare the skin color detection performance based on the PCA-based color
representation against normalized rg, XY of XYZ, u*v* of Lu*v* and PCA3. All these color
representation can be computed with linear or non-linear transformation from RGB color
space. Lee and Yoo [15] showed that rg, XY, u*v* chrominance components gave best
detection results among some color spaces, and so we compare the PCA-based color
representation with the chrominance components in skin color detection. We call the PCA-
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based color representation as PCA2. PCA3 is also PCA-based color representation but has a
form of 3-dimensional vectors. The 3-dimensional vectors are transformed from 24-
dimensional vectors by using PCA [14]. The 24-dimensional vector is made up of the
following 24 components from several color spaces.

X=[RGBrgnbnYeChCrY o IQHSVLabTSrgrb YCB YCR]

rn, gn, bn are three components in normalized RGB where rn=R/(R+G+B), gn=G/(R+G+B),
bn=B/(R+G+B). If all of R, G and B have zero, then rn,gn and bnare set to 1/sqrt(3).T and S
are components of TSL that representstint, saturation, and lightness. TSL color space was
developed primarily for the purpose of face detection.rg and rb are computed as (rn and
(rn - bn), respectively. YCB and YCR are (Y - Cb) and (Y - Cr), respectively.

We show the performance on skin detection using ROC curves. RO
operating characteristic and is used frequently for showind\ the perf
classification.It plots true positive rate (TPR) agalnst fa sitive re
fraction of true positives (TP) out of the total actual : and

S receiver
of a binary
PR).TPR is the
e fraction of false
ing of TP and FP in
shows performance of

positives (FP) out of the total actual negatives.Y

see m
mat t
classification.

Figure 4. Left table in Figure 4 is called conf

i tual class
Predicted Class ‘% \ej ™~

Yes CKIQV
v True Positive ﬂe Negative,]
es D
Actual (TP) 0| (F \

Class

No | FalseP s@ True e
@ TN) predicted class

Figufusicéll\@rix and it’s Visualization Inskin Detection

Figure 5 shows ROC s for the skin detection according to color space and histogram
size. The ROC curve g@w effect on PCA2. PCAZ2 is superior in performance to other color
spaces and especiq@PCA& The detection results are from test images.
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Figure 5. ROC Curves for the Skin Detection for Histogram Mod@ Function
of Color Space of PCA2, Normalized rg\ u*v* a

X 64 left bottom is
of 128 x 128, and the last one is of 256 x 256.

Figure 6 shows ROC curves of performance on s detecﬂ% ging histogram bin size.
The bin size of histograms varies from 32&? per a ponent. The ROC curves are
created using test images. 642 128° and® 1zed hlst s show subtle differences in
detection performance but 2567 histog '@ S the@ t among histogram models.

The curve in left top is for histogram of 32 x 32@

32432 hist
B4xB4 hist
—120x128 hist | 7
—246x256 hist

0.3 0.4 0.6 06 07 08 09 1
False Positive Rate

Fig @C Curves for the Skin Detection for Hlstogram Model as a Function
@ of Histogram Size (from 327 to 2567)

Figure 7 shows ROC curves for skin detection performance by using elliptical boundary
model. The left curves in Figure 7 are computed with elliptical boundary model for just skin
colors and the right ones are with both skin and non-skin colors. It is hard to select the best
one in the left curves but it is trivial in the right curves. The overall TPR is improved in the
right curves.
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Figure 7. ROC Curves for the Skin Detection for Elliptical Bo Model
[ ]
The left curves are for detection ratio with just skin col'bs;a the r&ghes are with both

skin and non-skin colors.
Figure 8 shows ROC curves of performance on @e ectio ng to whether the use
of non-skin or not. The elliptical boundary model or*skin colors, uSes distance metric and we

can get a curve that increase gradually by pas TPR, FP 0, 0) changing a threshold
from 0 to a maximum value. The metri odel usi th skin and non-skin colors,
however, is probability and a threshold |s%rge fro 1. TPR starts to increase from about
0.65 at a threshold of 1, and gets to 1

P

EB with skin

‘b EB with skin and non-skin
0E L . L . n L n L
a1 0z 0.3 04 0.5 0.6 oz 0.8 [k:] 1
False Positive Rate

Figure 8. %&Curves of Performance on Skin Detection According to whether

0 the Use of Non-skin or Not
6. @Iusion

We explores contributions of PCA on skin color detection and shows that PCA-based color
representation can give better performance than other frequently used color spaces such as
XYZ and Luv. We found the 256 sized histogram and the elliptical boundary model with
both skin and non-skin colors give good performance on skin color detection.

PCA on RGB colors is just linear transformation and can process quickly. PCA2 doesn’t
require intensive memory to compute as PCA3 does, but PCA2 shows superior detection
results to PCA3. Skin color detection is preliminary step for facial or gesture analysis and can
be used for applications for facial and gesture analysis that are very common technology in
modern society.
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