
LEARNING SKIN DISTRIBUTION USING A SPARSE MAP 
 

Rajkiran Gottumukkal and Vijayan K. Asari 
 

Department of Electrical and Computer Engineering, 
Old Dominion University, Norfolk, VA 23529, USA. 

E-mail: {rgott002, vasari}@odu.edu 
 
 

ABSTRACT 
 
We present a new skin modeling technique based on 
SNoW (Sparse Network of Winnows) for accurate and 
robust skin region detection. A Skin Distribution Map 
(SDM) representing the sparse network is trained with 
skin pixels to learn their distribution in a color space. We 
then train the SDM with non-skin pixels to unlearn the 
distribution of the non-skin pixels, which overlap with the 
skin pixels in the color space. This skin model can be used 
for skin detection on any color space. We found the 
accuracy of skin detection using SDM to be slightly better 
than that using the Skin Probability Map (SPM) method. 
The main advantage of using SDM method over SPM 
method is that the complexity, memory requirements and 
time for skin detection are reduced significantly. 

 

1. INTRODUCTION 
 
Skin detection can be defined as the process of identifying 
the pixels of a given color image which corresponds to 
human skin. Humans use color as a fundamental clue for 
detecting objects from complex scenes. In recent years 
many researchers have used human skin color in 
applications such as gesture recognition [10], video 
indexing [9], face detection [16], face tracking [7], region 
of interest segmentation [8] etc. Skin detection is a 
difficult problem since skin colors vary based on the 
ambient light and the cameras, which produce different 
colors, even for the same person, under the same 
illumination conditions. Skin colors also vary from person 
to person. 

Probabilistic methods have been widely used for 
pixel based skin detection. One of the most widely used 
probabilistic methods is the Skin Probability Map (SPM) 
[1, 2], which has been found to be the best one in terms of 
accuracy and running time [2]. Other well-known 
statistical skin color models are single Gaussian model 
[11] and the mixture of Gaussians model [12]. The single 

Gaussian skin model has the advantage of being simple 
and fast, it however does not adequately represent the 
variance of the skin distributions under different 
conditions. To overcome this drawback, the mixture of the 
Gaussians model has been suggested. It is however hard 
to be trained and it is slow. Some of the earlier skin 
detection techniques classify pixels based on pre-defined 
ranges in the color space [14]. More recently machine-
learning algorithms have been used to perform pixel 
classification based on predefined ranges in color space 
[13]. The method we use for skin modeling is also a 
machine-learning algorithm (SNoW). It was first used in 
image processing for face detection with great success 
[15]. We consider the skin pixels and non-skin pixels as 
two classes and perform the training using SNoW. 

The choice of color space has a significant impact on 
the skin detection result. Researchers have tried to find the 
most effective color space for skin detection by 
performing detailed analysis on different color spaces [5, 
6]. But there is no single color space, which is most 
effective for all skin detection methods [3]. It has been 
argued theoretically that for every color space, there exists 
an optimum skin detection scheme such that the 
performance of all these skin detection schemes is the 
same in that color space [4]. 
 

2. SKIN COLOR MODEL USING SNOW 
 
SNoW is a learning architecture, which can be trained to 
learn the feature (color) space of skin pixels by providing 
it with positive and negative examples. The process of 
training the network is described in the remainder of this 
section. We created a set of skin pixels from images in the 
AR face database [17] and images taken from a digital 
camera. The images have illuminations varying from 
fluorescent light to direct sunlight. From the outdoor 
scenes we used skin regions from both direct sunshine and 
shadows. We didn’t use any images from the internet 
during training since there is no control on the image 
properties. Training was done on the Cb-Cr color space 
since the transformation from RGB is simple and it has 
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explicit separation of luminance and chrominance 
components. We say more about the choice of color space 
in the next section. 

A two-dimensional skin distribution map (SDM) of 
dimension 256 × 256 was created and all its elements 
were initialized to 0. The network is then trained in the 
Cb-Cr color space with the image created from the skin 
pixels. During training with the skin pixels, the elements 
of the SDM are selected for updating based on the index 
computed as (Cb(x,y), Cr(x,y)). The winnow update rule is 
used to update the matrix and the update procedure is as 
shown: 
 

( ( , ), ( , )) 0 ,
( ( , ), ( , ))

if W Cb x y Cr x y x y
W Cb x y Cr x y η

== ∀
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               (1) 

 
The elements or weights of the SDM, which are active, 
are initialized to η as shown in expression (1); η is 0.1 in 
our implementation. Next the weights are promoted for all 
the pixels in the skin image as shown in expression (2). 
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In the above expressions W is the SDM; Cb, Cr represent 
the color components of the skin image and x, y vary from 
1 to X, Y respectively where X is the number of columns 
in the skin image and Y is the number of rows in the skin 
image. The term α in expression (2) is used for 
promoting the weights, and 2α =  in our case. The term 
n=200 in our implementation, which signifies that we stop 
promoting the weights if more than 200 pixels from the 
skin image occur at the same point in the Cb-Cr color 
space. The result of an initial skin detection performed on 
a test image from a digital camera, using the SDM 
updated only with training skin pixels is shown in figure 
1. Skin detection was performed by projecting the pixels 
into the SDM based on their Cb and Cr values. If the 
weight for a pixel in the SDM is greater than 1000 
(threshold selected after experimental analysis) it is 
classified as a skin pixel. In figure 1, pixels classified as 
skin are represented as white and non-skin pixels are 
represented as black. As can be seen in figure 1, many 
non-skin pixels are falsely classified as skin pixels.  Non-
skin pixels falsely classified as skin pixels are used as 
negative examples to update the SDM. More examples of 
non-skin pixels were obtained by performing skin 
detection on test images and the misclassified non-skin 
pixels were incorporated into the non-skin image. The 
SDM was then updated with the non-skin image as shown 
in expression (3), where t=1000 and β=0.5. 
 

 
 
 
 
 
 
 
 
 
 
 
Fig. 1. (a) Original test image and (b) Initial skin 
detection. 
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Expression (3) performs the demotion of weights for 
pixels from the non-skin examples, which overlap with 
the skin examples in the Cb-Cr color space. The 
advantage of using the winnow update rule for updating 
the weights is that we can reduce the false positives 
without adversely affecting the true positives. This 
process is continued as long as a large decrease in false 
positives is observed without decreasing the true 
positives. The SDM in Cb-Cr color space after updating it 
with non-skin pixels and the detected skin regions 
obtained on a test image are shown in figure 2.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. (a) Side view of the SDM in Cb-Cr color space,  
(b) Top view of the SDM in Cb-Cr color space and        
(c) Detected skin pixels using the SDM. 
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Please note from figure 2 that most of the non-skin 
pixels which were previously misclassified are now 
classified correctly. From expression (2) it can be 
observed that the maximum possible value an element in 
the SDM can take is 0.1 × 2200, therefore it is not possible 
to display the SDM since some of the weights are very 
high. Hence to display the SDM as in figure 2, all the 
weights greater that 1000 were scaled down to 1000. 
 

3. SELECTING COLOR SPACE 
 
We are interested in selecting a color space, which would 
give the best skin detection results for our technique. 
From the literature we found that one of the best skin 
detection was obtained using the T-S color space [5]. 
Hence we trained our skin detection algorithm on the T-S 
color space expecting to obtain better skin detection 
accuracy than that obtained using Cb-Cr color space. The 
SDM is trained in a similar manner as described in the 
previous section, the only difference being that we train it 
on the T-S histogram for skin and non-skin examples. The 
SDM obtained in T-S color space is shown in figure 3. 
 
 
 
 
 
 
 
 
 
Fig. 3. (a) Side view of the SDM in T-S color space, (b) 
Top view of the SDM in T-S color space. 
 

From [4] we may hypothesize that for any skin 
detection scheme there exists a color space for which the 
given skin detection scheme performs at its best. This 
being the case, we may obtain an optimum color space for 
our skin detection scheme using the technique presented 
in [18]. However, finding the optimum color space for 
skin detection using SDM is one of the future research 
goals. In this paper we restrict ourselves to comparing 
SDM and SPM methods on Cb-Cr and T-S color spaces. 
 

4. COMPARATIVE EVALUATION 
 
We evaluated the performance of SDM and SPM based 
skin detection methods using the same training data and 
tested on the same set of images collected from different 
sources. We obtained the true positives (TP) and false 
positives (FP) of both the methods for 10 test images. The 
ROC curves for SDM and SPM methods in Cb-Cr and T-
S color spaces are shown in figure 4 and figure 5 
respectively. We counted the number of pixels correctly 

classified as skin and number of pixels falsely classified 
as skin at different thresholds for the test images to obtain 
the TP and FP. The TP rate (TP rate = ( /TP total number 
of skin pixels) × 100%) and FP rate (FP rate = ( /FP total 
number of non- skin pixels) × 100%) at different 
thresholds for all the test images were averaged to obtain 
the ROC curves. The results shown are for ~0.4 million 
skin pixels and ~3 million non-skin pixels from the test 
images. 
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Fig. 4. ROC curves comparing the accuracy of SDM and 
SPM methods for skin detection in Cb-Cr color space. 
 

The underlying principle of SDM and SPM based skin 
detection methods are similar. Instead of using two 
matrices to represent skin and non-skin probabilities, SDM 
uses a single matrix and updates its elements using 
winnow update rule for skin and non-skin examples. The 
weight search complexity of SDM technique is roughly 
O(d), where as for SPM it is O(2d); where d is the 
dimension of the map. Also, in the SPM method X × Y 
divisions are performed to obtain the ratio of P(Skin|Cb-
Cr) and P(Non-skin|Cb-Cr); where X and Y are the 
dimensions of the image on which skin detection is 
performed. In the case of SDM no computations other than 
a comparison with a threshold is required during skin 
detection. The memory required for SDM is half (N2) of 
that used by SPM (2N2) since both the skin and non-skin 
training data is incorporated into a single matrix. Table 1 
summarizes these comparisons; here N2 stands for number 
of elements in the SPM/SDM and the time for skin 
detection was computed for an image of size 1024 × 768 
pixels using MATLAB program running on a 1.5GHz 
computer with 768MB of RAM. 
 
 

Algorithm No. Div. Memory Time 
(sec) 

Weight search 
complexity 

SPM X × Y 2N2 7.0  O(2d) 
SDM 0 N2 5.9 O(d) 

 
 

 
    (a)           (b) 

Table 1. Performance comparison of SPM and SDM 
methods for skin detection. 
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Fig. 5. ROC curves comparing the accuracy of SDM and 
SPM methods for skin detection in T-S colour space. 

 
5. CONCLUSION 

 
In this paper we presented an approach to learn the skin 
color distribution based on the SNoW learning scheme. 
The learning scheme is used to update the skin 
distribution map (SDM) using the skin and non-skin 
training data. It was found that both the methods have 
comparable skin detection accuracy on the two color 
spaces. Also a slight improvement in accuracy was 
observed in SDM method over the SPM method for true 
positive rates greater than 90%. The main contributions 
are that we have reduced the weight search complexity, 
computational complexity, memory requirements and time 
required for skin detection using SDM based skin 
detection while maintaining the accuracy comparable to 
SPM method. One of the important future research 
directions would be to identify the color space on which 
SDM method provides the best skin detection results. 
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