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Abstract—Detection of human skin has several practical applications in image and video processing fields, such as face
detection, image indexing, gesture recognition, and nudity detection. The purpose of a human skin detection method is to
distinguish image portions between skin and non-skin regions.
Many existing approaches in the literature are based on features
that explore information of color, shape and texture in the images.
Furthermore, several skin detection methods do not produce
satisfactory results since they classify image regions based on
fixed thresholds and are sensitive to illumination conditions. This
paper describes a method for adaptive detection of human skin
in images based on a normalized lookup table. The resulting
probability map is used to detect skin and non-skin regions, which
are refined through texture descriptors. Experimental results
show the effectiveness of the proposed method.

I.

I NTRODUCTION

Detection of human skin has applications in several areas,
such as face recognition, gesture analysis, nudity detection,
person tracking, content-based image retrieval, among others.
The presence of people in an image or a video scene can be
evidenced by finding skin regions.
Automatic skin detection is a challenging task, especially
under varying illumination and partial occlusions [1]. Another
inherent difficulty is that skin tones can significantly vary
across individuals. Several methods found in the literature
are based on fixed thresholds [2], [3] and are sensitive to
geometric variations of skin patterns and are not robust to
image resolution changes.
This paper describes and evaluates an adaptive human
skin detection method based on a normalized lookup table,
whose resulting probability map is used to detect skin and
non-skin regions in the images. Such regions are then refined
through texture descriptors. Experiments are conducted to
apply the methodology to several images and results show the
effectiveness of the proposed method.
The text is organized as follows. Section II presents the
main concepts and work related to skin detection. Section III
describes the proposed method for adaptive detection of human
skin. Experimental results are shown in Section IV. Finally,
Section V concludes the paper with final remarks.
II.

BACKGROUND

Several methods for skin detection have been proposed in
the literature [4]. They can be categorized as pixel-based and
region-based approaches. Pixel-based methods classify each
pixel as skin or non-skin without considering its neighborhood,
whereas region-based methods explore the spatial organization

of neighbor skin pixels to improve the skin detection process.
Comprehensive surveys on skin color modeling and skin
detection can be found in the literature [4]–[6].
A skin color model is commonly used to identify if a pixel
or region is skin or non-skin. Various color spaces have been
used in skin detection, such as RGB [7], [8], HSV [9], CIE
Lab [10], CIE Luv [11], YES [12] and YCbCr [2], [13].
Zarit et al. [14] compared five color spaces and two nonparametric methods for skin modeling. Shin et al. [15] examined eight color spaces applied to skin detection. Albiol [16]
presented a theoretical proof that there is an optimum skin
detector for every color space such that all skin detectors have
the same performance. Brand and Mason [17] evaluated three
skin color modeling strategies. Lee and Yoo [18] compared two
most popular parametric skin models in different chrominance
spaces.
Brown et al. [19] proposed a statistical model for skin color
distribution based on a Self-Organizing Map (SOM). Sigal et
al. [20] used a Markov model with adaptive color histogram
to calculate the skin color distribution. Yang and Ahuja [11]
described the use of expectation-maximization (EM) technique
applied to Gaussian mixture models (GMM) for skin detection.
In contrast with methods described previously, the proposed method detects skin regions in the images through three
consecutive stages, where each step is improved with the
previous one. Measures of color, homogeneity and texture are
taken into the account along the skin detection process.
III.

M ETHODOLOGY

In this section, we present the process proposed to detect
skin in images. The proposed approach is based not only of
color information as traditional skin detection methods, but
also on homogeneity and texture information to perform a
more accurate detection.
First, we create a normalized lookup table (LUT) [7]. This
is done by collecting measures of skin and non-skin pixel color
samples and arranging them in a normalized histogram. This
histogram provides a probability indicating how likely each
pixel is skin or non-skin, such that a probability map is created
to the entire image. With the application of a proper threshold,
this map can be used to detect whether each pixel is skin or
not.
To make the detection process more adaptable and achieve
better results, a measure of how homogeneous is the detected
region is evaluated since human skin regions tend to be more
homogeneous than other types of surfaces [21]. Thus, the

achieved results are maintained in an assessment of how
homogeneous every region is according to the probability
map, that is, regions that are not considered homogeneous are
discarded, whereas homogeneous regions are grown as long as
they remain homogeneous and then used in the output.
Finally, after considering two skin properties, color and
homogeneity, the detection process is refined by taking texture
information into account. Figure 1 shows the main stages of
the proposed method.
A. Construction of Human Skin Color Model
To formulate the skin color model, we used patches of
several images collected from the Internet. These patches
were manually selected in skin and non-skin groups. Several
non-skin samples were extracted from the Caltech image
dataset [22].
Color histograms were constructed through both the skin
and non-skin groups of images. RGB images were used to
construct these histograms, each pixel forms a vector [RGB]
which is translated to the lookup table as
H([RGB]) = H(R + [G ∗ 256] + [B ∗ 256 ∗ 256])

(1)

To find a probability of a pixel being in each group
P ([RGB]) =

H([RGB])
|H|
X

(2)

A region of the image is assigned as homogeneous if it has
the following properties [21]:
Ne
Ne
≤ NdT ) OR (
≤ NsT )) (4)
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Ns
where σ is the standard deviation of the pixel colors in the
region, Ne is the number of edge pixels (found by using
Sobel detector [24] in the entire input image) inside the region
(boundary pixels are excluded), Ns the is number of skin pixels
in the region and Nd is the maximum dimension of the region
bounding box (either width or height, whichever is the largest).
St , NdT and NsT are thresholds empirically chosen in the
experiments, as detailed in Section IV.
(σ < St ) AND ((

C. Refinement with Texture Descriptors
After the previously described process has been applied to
the images, we use a classifier trained to detect skin textures.
The training was conducted on a Quadratic Discriminant
Analysis (QDA) classifier [25] with the same images used to
create the LUT histograms.
To perform the tests, we used a small window (32×32)
sliding through the image, assigning how likely each window
is of containing skin, creating a skin likelihood map. Then,
we used a varying threshold to check the accuracy of the
classification results.
IV.

For every test image, we use a threshold t and the LUT to
classify the image as follows [23]
P (pixel | skin)
≥ t then P is labeled as skin
P (pixel |¬ skin)

(3)

where P (pixel | skin) is the probability of a pixel containing
skin (informed by the histogram of the skin group) and P (pixel
|¬ skin) is the probability of a pixel being in the non-skin
group.
B. Selection of Homogeneous Regions
The LUT produces as an output a color map with the
likelihood of every pixel being skin or not skin [21]. At this
point, we select an initial threshold such that, if the probability
of a point in the map is greater than the threshold, then it is
labeled as skin, otherwise it is labeled as non-skin. Then, we
create a black and white representation of the image (black
being non-skin and white being skin). This gives us several
skin-labeled connected components which will form a region.
For each region of the image, we apply the following steps:
-

this homogeneous region is added to the skin list.

H(n)

n=1

if

-

if the region is smaller than a given threshold, it is
discarded (the threshold size varies with the size of
the image).

-

while the region is not homogeneous, the threshold is
increased by 10%.

-

when a homogeneous region is found, we then dilate
this selected image portion using a 3×3 square structure element as long as it remains homogeneous and
is still smaller than the bounding box of the region.

E XPERIMENTAL R ESULTS

The experiments were performed by applying the proposed
methodology described in Section III. For the training of both
normalized lookup table (LUT) [7] and quadratic discriminant
analysis (QDA) classifier [25], we used randomly selected
samples from the Internet and images extracted from the
Caltech image dataset [22].
To form the homogeneity measure, the following variations
of the parameters were employed: 35, 40 and 45 for St , 1.5,
2.5 and 3.5 for Ndt and 0.02, 0.12 and 0.22 for Nst . For the
Sobel filter, we used the following thresholds: 20, 90, 160 and
230. We discarded any region that is smaller than a threshold
in a range of 250, 500, 750 and 1000, varying with the size
of the image (larger images used higher values).
The tests were conducted on the MCG skin-dataset [26],
which contains 1000 images containing humans with skin
exposure. The authors provide a ground truth for evaluation
purposes. Each image was applied to the proposed method,
producing an output that was compared against the ground
truth. True positive and false positive rates were computed,
such that the best combinations for each of the parameters
were selected in a small subgroup of the original dataset, then
applied to the full one. The values are shown in Table I.
Figure 2 illustrates the results by applying the proposed
method to three different image samples. In the first row, it
is possible to see that the result after applying the texture
descriptors was not improved in relation the result obtained
with skin color model and selection of homogeneous regions.
On the other hand, in the second and third rows, the texture
descriptors improved the result obtained in the previous stage,
which increases the accuracy of the classifier.
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Diagram with the main stages of the skin detection process.

V.

C ONCLUSIONS AND F UTURE W ORK
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This paper presented an adaptive human skin detection
method based on a probability map used to detect skin and
non-skin regions.

True Positive Rate
False Positive Rate

67.14%
13.08%

73.86%
15.10%

77.81%
16.78%

84.59%
19.37%

85.50%
20.62%

88.22%
23.18%

It was experimentally found that the texture stage has the
potential to make some improvements on the results. However,
in images that already presented high detection rate after the
detection of homogeneous regions, the texture stage caused
negative effect. The reason for that is probably due to the
training process that was not sufficient to promote accurate
distinction between region and non-regions. The training with
a broader spectrum of skin images can improve the results.

Table I.

VALUES OF THE MOST DISTINGUISHABLE PARAMETER
COMBINATIONS .

Finally, to conduct the experiments with the texture classifier, the following parameters were used: St = 40, Sobel
threshold = 90, Nst = 0.02 and Ndt = 3.5. This parameter
combination produced the best true positive values, subjected
to further refinement.

As future directions, we intend to increase the number of
training texture samples as an attempt to decrease the negative
effect on some images and also improve the proposed method
through a face detection process to adaptively enhance the
skin color model to each image under different illumination
conditions.
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