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ABSTRACT
This paper presents an adaptive approach to skin detection.
First, we propose a nonlinear relationship among R, G and
B components and use a closed curve to identify the skin
cluster region. Then, a split machine is designed that aids
the extraction of the pixels with similar low-level features
from images. Finally, a nonlinear skin color classifier with
an adaptive threshold is developed by analyzing the prop-
erties of the extracted pixels in the HSL, YCbCr, YUV and
YIQ color spaces. Experimental results show that our pro-
posed method works very well in skin detection.

1. INTRODUCTION

Skin information contributes much to object recognition in
many cases. Generally, detecting skin information in im-
ages is concerned with two main problems: the selection
of the suitable color space and the modelling of the skin
color distribution. Besides the RGB color space, other color
spaces transformed from RGB have been selectively used
for modelling the skin color distribution, such as normal-
ized RGB, HSV/HSI/HSL, TSL, YCrCb, YES, YUV and
YIQ [1, 5, 6], etc. However, it is still an open problem that
which color space is the best one in distinguishing human
skin colors from non-skin colors. An accurate description
of skin color distribution is still not achieved at present, es-
pecially with respect to complicated backgrounds and illu-
mination, although researchers have proposed many meth-
ods, such as single Gaussian [1], mixtures of Gaussians
[13], multiple Gausian clusters [16], elliptic boundary [15],
Bayes classifier [2, 5] and self organizing map (SOM) [14],
etc. Fortunately, previous work also gives us some hints on
understanding the skin color property. Albiol et al. testified
in theory that the difficulty in discriminating skin and non-
skin classes was independent of color spaces [9]. Shin et
al. found that color space transformation does not increase
the separability between the skin and non-skin classes [7].
Jones and Rehg found their non-parametric model to be su-
perior in both accuracy and computational cost according
to the comparison results between parametric skin models
and a statistical color model in RGB space [2]. Note that

due to the overlap between the skin and non-skin colors,
the pixel-based skin and non-skin color models do not work
well when the discriminability between the skin and non-
skin colors does not make much difference according to
the adopted decision rules. Hence, some adaptive schemes
[10, 11, 12] have been proposed for better skin segmentation
in images with complex backgrounds. Here, we introduce a
new method to solve the problem in skin segmentation with
respect to the complexities of static images.

2. SKIN COLOR DISTRIBUTION

Human skin colors cluster spatially in whatever color space
used [6]. Although the R, G and B channels correlate with
each other, the RGB space is still reliable in describing the
characteristic of skin colors [7]. The spatial clustering prop-
erty of the skin colors indicates the existence of a specific
relationship among the R, G and B components. Here, we
propose a nonlinear relationship among the three color com-
ponents as follows
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ρ = ((α1R − α2G)2 + (α2G − α3B)2)1/2

θ=
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θt1 , α1R−α2G ≥ 0

π + θt2 , α1R−α2G<0, α2G−α3B ≤ 0

2π − θt2 , α1R−α2G<0, α2G−α3B > 0

(1)

where θt1 =arccos((α2G−α3B)/ρ), θt2 =arccos(|α2G −
α3B|/ρ). In practice, we choose the normalized r, g and b
to replace α1, α2 and α3 respectively since each normalized
component can be viewed as a ‘color purity’ of its corre-
sponding component in RGB space [1]. The statistical skin
and non-skin distributions computed from our constructed
pixel datasets are demonstrated in Fig. 1 respectively. Here
the skin pixel set contains 40,803,483 samples, and the non-
skin pixel set contains 54,710,462 samples. From Fig. 1, we
see that the skin colors cluster in the proposed (ρ, θ) plane
prominently, while the non-skin colors spread along the θ
axis. Although the skin colors cluster very well in the pro-
posed plane, our experiments show modelling this distribu-
tion with single Gaussian cannot achieve better skin detec-
tion results. Fig. 1(b) shows that the skin cluster region is
geometrically circumscribable, so we identify the skin clus-
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ter region with a closed curve, as shown in Fig. 2(a). This
closed curve consists of three piecewise sub-curves, which
enclose 98.4% of skin pixels in our skin pixel set. The skin
pixels outside the closed curve are viewed as noise here.
The Equation of the closed curve is expressed as

S(ρ, θ)=











b2(ρ̃1−ρ0)
2+a2

1
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f1 =ρ − ρ0

f2 =(ρ2−ρ(ρ1+ρ2)+ρ1ρ2)(θ−θ2)

f3 =(ρ2−ρ(ρ2+ρ3)+ρ2ρ3)(θ−θ2)

ρ̃i=ρ cos βi−θ sin βi

θ̃i=ρ sin βi+θ cos βi.

(3)

The three sub-curves constrained by f1, f2 and f3 are seg-
mented piecewise from three concentric yet differently ori-
ented ellipses centered at (ρ0, θ0). βi(i = 1, 2, 3) denotes
the orientation of the ith ellipse in the (ρ, θ) plane. Some
parameter values in Eq. (2) are listed in Table 1.

(a) (b)

Fig. 1. The skin and non-skin color distributions. (a) The
Non-skin distribution. (b) The skin distribution.
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Fig. 2. A closed curve fitting the skin cluster region. (a)
The selected skin cluster region. (b) The non-skin region
enclosed by this curve.

Table 1. The values of some parameters
(ρ, θ) 0 1 2 3 β1(a1) β2(a2) β3(a3)
ρ
−

20.2 19.3 85 21.1 π/36 −π/36 π/36
θ
−

1.37 2.15 1.45 0.62 (20.2) (64.2) (64.2)

Obviously, the region enclosed by this closed curve con-
tains a certain number of non-skin pixels, as shown in Fig.
2(b). In fact, color space transformation cannot completely
eliminate the overlap between skin and non-skin colors in
the statistical manner. Also, in many cases, whether a pixel
is interpreted as skin color or not is dependent on the imag-
ing environments. Hence, in Section 3, we introduce an
adaptive method of skin segmentation for static images.

3. ADAPTIVE METHOD FOR SKIN
SEGMENTATION

3.1. Training pixels in an image

Since not every region in an image contains skin informa-
tion, we design a split machine (SM) which can quickly
generate an adaptive grid over potential skin regions by re-
cursively dividing a grid cell into four equal parts under pre-
defined criterion, as shown in Fig. 3.
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Fig. 3. The split machine (SM). The information in R deter-
mines whether a cell is divided or not.

In practice, it is unnecessary to exploit the low-level in-
formation within a whole grid cell to determine whether a
cell is divided or not. Hence we select a square region R oc-
cupying one ninth of a cell as its representative, as shown in
the top-left of Fig. 3. Suppose Q1 is the set of all pixels in
R, and Q2 is the set of detected skin pixels in R, we can cal-
culate the approximate probability density of the grey levels
in the two sets: pk(i) = hk(i)/Nk(i = 0, 1, ...Gk − 1; k =
1, 2), where Nk and Gk are the total numbers of pixels and
intensity levels in the kth set, and hk(i) is the number of
pixels in the ith intensity level. Thus, we compute the fol-
lowing statistical values used in texture analysis [17].
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(i − µk)2pk(i)
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k
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(i − µk)4pk(i)−3

(4)

Here, we are only interested in µ4k since µ4k is a measure
of flatness of the histogram. Let g1 = Sskin/SR and g2 =
µ42/µ41, where Sskin denotes the detected skin area in R,
and SR denotes the area of R, the criterion for the SM is
defined as

CSM (R) =

{

1, g1 ≥ β1, g2 ≥ β2

0, otherwise
(5)

where β1 = 0.3 and β2 = 0.65. The introduction of g2

aims to discard the regions with high texture information,
since the skin region always shows little texture. For a cell,
if CSM (R) = 1, the SM splits it into four equal parts, other-
wise it stays unchanged. In general, the fine meshes can be
developed over skin regions after an initial grid is updated
three times by the SM, as shown in Fig. 4.
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Fig. 4. Adaptive grids over some images.

Fig. 5. The process of extracting the pixel set ω in an image.

Naturally, the SM can also generate fine meshes over the
background region of an image if the skin and non-skin re-
gions have similar low-level features, as shown in the right
of Fig. 4. Hence this method is unable to obtain better skin
segmentation in these cases. We must develop a technique
that can adaptively explore the differences between the skin
and non-skin pixels for different images. Based on the grid
over an image, we extract the nodes with skin color infor-
mation, and then cut out a square patch centered at each
extracted node from the image, as shown in the middle and
right of Fig. 5. Assume that ω is the set of all pixels in
these patches, next we have to develop a method which can
describe the differences of the pixels in ω.

3.2. Adaptive histogram

The proposed mapping expressed by Eq. 1 is unable to ex-
plore the potential differences of pixels in ω. From our ex-
periments, we find that the pixel features exclusively based
on the chrominance components are lack of separability.
Hence, we take the luminance component into considera-
tion in describing the attributes of the pixels in ω. Because
the HSL color space works well for natural illumination,
and YCbCr color space is perceptually uniform, we use the
S, L, Cb and Cr components to capture pixel characteristics.
Assume d1 = S/L and d2 = Cb/Cr, we define

x = 100 ·
√

d2 + α2 (6)
where d = (d2

1
+ d2

2
)1/2 and α = arccos(d1/d). The pixels

in ω are used to populate a histogram with bin width of 1
in x, as shown in Fig. 6. The bi-modal histogram shown
in Fig. 6(a) illustrates the fact that the x values between
the two peaks are not common in ω. Hence determining
the threshold as the xa level that has a minimum histogram
value between the two peaks must meet minimum segmen-
tation error requirements. For a uni-modal histogram, as
shown in Fig. 6(b), we think that the closed curve S(ρ, θ)
is enough to describe skin distribution and no further op-
eration is needed. Note that the shapes of histograms hold
the only two mentioned fashions, since the SM details the

regions with similar low-level information in an image ex-
clusively.
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Fig. 6. The histograms. (a) A bi-modal histogram. (b) An
uni-modal histogram

Now, we need to determine which peak of a bi-modal
histogram represents the real skin information. Here we
use the YUV and YIQ color spaces together to address this
problem. Assume that g1(p) = I(p)/Q(p) and g2(p) =
U(p)/V (p), where p is a pixel. Let f1 = g1(p1) − g1(p2)
and f2 = g2(p1) − g2(p2), where p1 and p2 are two pixels
falling into the two bins corresponding to the two peaks of
the bi-modal histogram respectively. If f1 > 0 and f2 <
0 hold simultaneously, the peak that corresponds to p1 is
formed by the skin pixels, otherwise the other is formed by
the skin pixels. Note that only using f1 and f2 to detect the
skin information in images can result in very high false pos-
itive rates. Let x̃p denote the bin for the peak of skin pixels.
We define a non-linear skin color classifier as

Fs(q) =











S(ρq, θq), uni-modal
S(ρq, θq) · G1(xq), x̃p < xa

S(ρq, θq) · G2(xq), x̃p > xa

(7)

where q is a pixel, G1(xq) = xa−xq and G2(xq) = xq−xa.
Note that we let Gi(xq) = 1 for S(ρq, θq) > 0. Thus, if
Fs(q) ≤ 0, the pixel q is labeled as skin.

4. EXPERIMENTS

In our experiments, we use the Compaq image database [3]
to test the performance of the proposed skin color classifier.
The database contains 4675 skin images with corresponding
masks and 8965 non-skin images. We extract 2000 random
samples from the skin and non-skin images respectively.
Based on the corresponding masks of skin images, the back-
ground color of all the skin images were changed to white.
Thus, the image samples contain 62,834,397 skin pixels and
195,438,297 non-skin pixels altogether. The skin pixel de-
tection results are illustrated in Table 2. Here, Jones-Rehg’s
method is tested at a threshold of 0.4 and the results of ECU
are reported by its “SkinColorDetector” [4]. Table 2 shows
that our proposed method can reduce the false positive rate
significantly as well as increase the true positive rate.

Due to space limitation, we only give some skin seg-
mentation results in Fig. 7. In these images, the background
colors and illuminations have negative effects on skin seg-
mentation. The segmentation results show that the proposed
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skin color classifier has a good performance in segmenting
the skin regions from backgrounds.

Table 2. Skin and non-skin pixel detection
Methods True positive(%) False positive(%)
Jones-Rehg 90.88 24.31
ECU 93.26 20.78
Proposed 96.46 6.48

5. CONCLUSIONS

In this paper, we have proposed a nonlinear mapping that
aims to describe the inherent relationship among pixel color
components and a closed curve to identify the skin cluster
region. Considering the varieties of images, we have de-
signed a split machine that can generate adaptive grids over
skin regions. For an image, an optimal threshold was ac-
quired from the training pixel samples extracted from the
local neighborhood of skin colored grid nodes. Finally, we
have developed a nonlinear skin color classifier adapted to
images varied with imaging environments. Experimental
results showed that our approach has a good performance in
skin segmentation.
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