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Abstract— The segmentation of skin regions is a pre requisite 

step in many computer vision applications dealing with the 

detection and recognition of humans and their activities. Such 

systems can be found in the fields of surveillance, human 

computer interaction and face recognition. In a general 

situation, skin detectors like Gaussian mixture models or skin 

probability maps achieve acceptable skin segmentation 

results. Although, color cues have the advantage to be 

relatively invariant regarding scale and orientation, the 

utilization color information is often a challenging task, as in 

images, the appearance of the skin color is dependent on 

different factors, like illumination condition, ethnicity, 

camera characteristics etc. However, the false positive rate 

increases considerably when the skin tones are in shadow or 

when skin-like background objects are under similar 

illumination. This paper presents a survey on various skin 

segmentation techniques to provide an accurate and better 

segmentation result. 
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I. INTRODUCTION 

Detection of the human body is an essential step in computer-

vision-based human machine interaction applications. Some 

of the most widely used features for locating the human body 

in a complex environment are human skin features. Some 

applications of skin detectors include hand gesture 

recognition, face detection, human motion recognition, video 

surveillance and contextual flagging of adult videos. In skin 

segmentation process, the pixels in a video or image are 

classified as either skin pixels or non-skin pixels. Thus, the 

area to be considered for tracking or recognition is reduced 

from the entire image to several much smaller blocks.  

Conventional skin segmentation methods usually 

determines a suitable color space and then build a model in 

that color space to classify each pixel individually. A minor 

set of techniques applies explicitly defined color thresholds, 

which are empirically determined which are often too 

inflexible and cannot easily adapt to illumination variations. 

The largest group of approaches uses machine learning 

techniques to estimate the probability of skin pixels. 

Although these approaches are more flexible, their degree of 

illumination adaptability is sensitive to the training set. Skin 

segmentation classifiers are broadly classified into four: 

explicit skin classifiers, non-parametric classifiers, 

parametric classifiers & dynamic classifiers. 

Explicit skin classifiers include RGB, HSV and 

YCbCr classifiers. These classifiers attempt to segment skin 

points by defining decision boundaries in a particular color 

space. Non-parametric classifiers use a skin probability table 

(SPT) determined from the histogram statistics of a training 

set. They apply decision rules based on Bayesian theory to 

determine the probability for each pixel given a particular 

color value. Pixels with values that are larger than a preset 

threshold are considered to be skin pixels while others are 

considered to be non-skin pixels. Parametric classifiers use a 

single Gaussian model or a Gaussian mixture model to decide 

whether a pixel is a skin pixel or non-skin pixel. These 

algorithms assume that the distribution of skin colors can be 

approximated as a normal distribution. A Gaussian mixture 

model usually involves a parameter optimization process 

called expectation maximization (EM). Dynamic classifiers 

do not use fixed decision boundaries instead, the detection 

boundaries are updated according to certain rules. 

II. SKIN SEGMENTATION TECHNIQUES 

Typically, a skin detector consists of a skin clustering space 

and a skin probability classifier. Pixels are considered to be 

skin pixels if their values in that space are larger than a preset 

threshold. The simplest skin classifiers are boundaries 

defined in a color space.  

 Jones et al. in Statistical color models with 

application to skin detection [1], built a skin detector based 

on a histogram statistics technique in an RGB color space 

with 256 bins per channel. For a particular RGB value, a pixel 

is predicted by comparing its Bayesian value against a 

threshold learned from a large data set. Once the skin 

histogram and non-skin histogram have been built, a skin 

probability table is formed to look up the Bayesian values of 

differently colored pixels. The construction of statistical color 

models from a data set of unprecedented size is described in 

this paper. This model includes nearly 1 billion labeled 

training pixels obtained from random crawls of the World 

Wide Web. From this data, a generic color model as well as 

separate skin and non-skin models are constructed. 

Visualization techniques are used to examine the shape of 

these distributions.  

It is empirically shown that the preponderance of 

skin pixels in web images introduces a systematic bias in the 

generic distribution of color on the web. Both histogram and 

mixture densities are learnt from this data, and shows that 

histogram models slightly outperform mixture models in this 

domain. 

Junwei Han et al. in Automatic Skin Segmentation 

for Gesture Recognition Combining Region and Support 

Vector Machine Active Learning [2], proposed a model to 

address the skin segmentation problem for gesture 

recognition. In this, a generic skin model is applied to the first 

couple of frames of a gesture video sequence, to 

automatically collect the required training data. Then, an 

SVM classifier is used, which is based on active learning, to 

identify the skin pixels. Finally, region segmentation is also 

incorporated with the output of SVM to improve the results. 

The algorithm proposed in this paper is fully automatic and 

adaptive to different signers. The algorithm has two stages: 

training stage and segmentation stage. In the training stage, 

first, for the given gesture video, a generic skin color model 

is applied to the first several frames, which obtains the initial 

skin areas. Afterwards, a binary classifier based on SVM 
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active learning is trained using obtained initial skin areas as 

the training set. In the segmentation stage, the SVM classifier 

is incorporated with the region information to produce the 

final segmentation results. One important advantage of the 

proposed work is it is easy to implement and does not need 

human labour to construct the training set. In addition, it may 

be efficiently incorporated in a gesture recognition system or 

other human body related applications with minor revision. 

Pratheepan Yogarajah et al. in A Dynamic 

Threshold Approach for Skin Segmentation in Color Images 

[3], propose a new skin segmentation technique for color 

images that makes intelligent and robust to separate skin from 

non-skin which have colors more similarto skin.In this paper, 

instead of fixed threshold values we calculate dynamic 

threshold values via on-line learning by taking the color 

information of human face regions. This skin segmentation 

method takes advantage of the fact that the face and body of 

a person always shares the same colors. To get the face skin 

color information, human eyes are detected using the 

Machine Perception Toolbox. When the eyes are detected, the 

elliptical face region is generated using an elliptical mask 

model. The detected face region has both smooth and non-

smooth textures. Since only smooth regions are required, 

non-smooth regions are detected and are subtracted from the 

face region to obtain the smooth regions which are then used 

for the calculation of dynamic threshold. Based on this 

threshold value, each pixel in the image is classified as skin 

or non-skin pixel. When more than one face region is detected 

in the image, each region is used to construct a dynamic 

threshold and each threshold is used to perform skin 

segmentation on the whole image. The final result is a logical 

OR combination of each of the segmented regions obtained 

respectively with each dynamic threshold. 

The skin segmentation technique proposed in [3] 

performs better than the fixed threshold skin segmentation 

and is also robust to imaging conditions and not biased by 

human ethnicity. But if there are no eyes detected in the 

image, this method fails. 

 Thakur et al. in Face Detection Using Skin Tone 

Segmentation [4], proposed multiple boundaries defined in 

different color spaces. The boundaries in the Cb-Cr subspace 

are Cb [60, max] &r[0,130] and Cb[130,max] & Cr[0,165]. 

To account for illumination conditions, the HS subspace skin 

boundaries are H[0, 50] and S[0.1, 0.9]. A novel skin color 

model RGB-HS-CbCr is proposed in [4] for human face 

detection. That model utilizes the additional hue and 

chrominance information of the image on top of standard 

RGB properties to improve the discriminality between skin 

pixels and non-skin pixels. In this approach, skin regions are 

classified using the boundary rules for the RGB, HS and CbCr 

subspaces. These rules are constructed based on the skin color 

distribution obtained from the training images. The 

classification of the extracted regions is further refined using 

a parallel combination of morphological operations. The 

model proposed in [4] is able to achieve good detection 

success rates for near frontal faces of varying orientations, 

skin color and background environment. 

 Wei Ren et al. in A Fusion Approach for Efficient 

Human Skin Detection [5], proposed a novel human skin 

detection approach that combines a smoothed 2-D histogram 

and Gaussian model, for automatic human skin detection in 

color image(s). In this approach, an eye detector is used to 

refine the skin model for a specific person. First of all, an 

online dynamic approach is employed to calculate the skin 

threshold value(s). Therefore, this method does not require 

any training stage beforehand. Second, a 2-D histogram with 

smoothed densities and a Gaussian model are used to model 

the skin and non-skin distributions, respectively. Finally, a 

fusion strategy frame work using the product of two features 

is employed to perform automatic skin detection. The 

proposed approach reduces computational costs as no training 

is required, and it improves the accuracy ofskin detection 

despite wide variation in ethnicity and illumination. 

 Sinan et al. in Skin Segmentation Based on Multi 

Pixel Color Clustering Models [6], defined three masks, 

namely, S(0.12,0.55] & V[0.6,1], S[0.12,0.7] &V[0.3,0.6), 

and S[0, 0.12] &V[0.75,1], to obtain distribution for different 

races. Additionally, a hue index is also used to arrange these 

intervals to represent the skin distributions under different 

lighting conditions. Their  objective was to segment the 

human skin area in a given color image using the Hue, 

Saturation, and Value (HSV) color space, based on the fact 

that the color distribution of a colored object is invariant, with 

respect to brightness and saturation variations. In this 

approach, skin detection using color pixel clustering models 

is utilized to detect skin areas. 

 According to their experiments, two main reasons 

for increased false negative rates are:  

1) The limitations of the single skin clustering model in 

covering all skin color appearances and  

2) Each colored pixel is treated individually in relation to 

the color space (skin or non-skin pixel), without 

considering the content of neighboring pixels. 

The method proposed in [6] creates a novel 

approach for human skin color segmentation that combines 

pixel based segmentation and region-based segmentation in a 

way that would cover different skin color appearances. It also 

builds multi-skin color clustering models, instead of a single 

skin model, wherein each skin color clustering model 

represents the clustering of a pattern class. Although lighting 

conditions are considered in this method, it still lacks 

robustness when the test data vary widely. 

 Hence, multi-pixel color clustering model [6] came 

up with the following advantages. It overcame the limitations 

of pixel-based segmentation by combining it with region-

based segmentation using an iterative merge with other layers 

that consider the neighborhood pixels. Second, it addressed 

the problem of shadow regions by lightening these regions 

(skin color correction), which improved the detection rate.  

 Zhang et al. in Patch-wise skin segmentation of 

human body parts via deep neural networks [7], proposed a 

patch-wise skin segmentation method based on deep neural 

networks. This method treats image patches as basic 

processing units instead of pixels, which makes our method 

immediately segment skin regions without any post 

processing, that is directly exploiting the spatial information 

of pixels in the detection stage rather than using 

morphological operations on isolated pixels after detection. 

Here an image patch dataset named IRIP-patch is built for 

training and testing, and consists of more than 140,000 image 

patches with size of 20×20, and 570,000 image patches with 

size of 10×10 and then deep skin models (DSMs) are trained 



A Survey on Skin Segmentation Techniques in Multimedia 

 (IJSRD/Vol. 5/Issue 11/2018/189) 

 

 All rights reserved by www.ijsrd.com 770 

based on the new dataset. Trained DSMs are then integrated 

into a sliding window framework to classify image patches 

into skin or non-skin categories, which could obtain more 

explicit skin ROI candidates compared to pixel-wise methods 

in complex scenarios of the human body parts. 

 The patch-wise skin detection method [7] shows 

robust performance for skin segmentation in cluttered scenes. 

Patch size and step size of the sliding window play key roles 

in deep skin, which will significantly influence the skin 

segmentation results. 

 You Lei et al. in A Skin Segmentation Algorithm 

Based on Stacked Autoencoders [8], proposed an algorithm 

which uses 3 autoencoders which are stacked together to form 

a deep neural network. In this work, the learning ability of 

deep neural networks are exploited to learn high level 

representation of skin tones in both RGB and HSV color 

space. The training data for each color space are sent to the 

corresponding stacked autoencoders for the learning of the 

representations. After these stacked autoencoders have been 

fine-tuned, they are used to detect skin pixels in new images. 

Finally, the results from the HSV SAE and the RGB SAE are 

fused to obtain the final result. 

III. CONCLUSION 

The main aim of this paper is to focus on different skin 

segmentation techniques employed to distinguish skin pixels 

from non-skin pixels in various computer vision based 

human-machine interaction applications such as face 

recognition, hand gesture recognition, human motion 

recognition, video surveillance, contextual flagging of adult 

videos, etc. In recent years, machine learning methods such 

as support vector machines and artificial neural networks 

have been applied to skin segmentation problems. They have 

been successfully applied to human skin segmentation but 

still lacks a robustness against skin color variations caused by 

different ages, ethnicities, etc. Propagation of ‘skinness’ from 

seed points to their neighbors appears as a way out from this 

problem. The pros and cons of different skin segmentation 

techniques are explained in this paper which will be helpful 

in merging one technique with another to overcome the 

drawbacks of one another. 
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