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Abstract. We construct two graphical models for skin detection from
a large collection of labeled data. Within it, parameter estimation is
eradicated by tree approximations and the belief propagation algorithm
permits to obtain exact and fast solution for skin probability at pixel
locations. We then assess the performance on the Compaq database.

1 Introduction

1.1 Skin Detection

Skin detection consists in detecting human skin pixels from an image. It plays an
important role in various applications such as face detection [4], searching and
filtering image content on the web [5][8]. Research has been performed on the
detection of human skin pixels in color images by using various skin color models
such as Gaussian , Gaussian mixture or histograms [2]. A Bayesian network
approach for skin detection has been proposed by [3].

We have in our hands the publicly available Compaq Database [2] with more
than ten thousand images. Skin pixels are manually labeled for each image. We
shall infer a model from this data in order to perform skin detection on new
images.

The rest of the paper is organized as follows: in Section 2, we detail graphical
models for skin detection. Section 3 is devoted to experiments and comparisons
with alternative methods. Finally, the conclusion is in Section 4.
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2 Graphical Models

2.1 Notations

Let us fix the notations. The set of pixels of an image is S. The color of a
pixel s ∈ S is xs. It is a three dimensional random variable, each component
being coded on one octet. C = {0, . . . , 255}3 denotes the RGB color space. The
“skinness” of a pixel s, is ys with ys = 1 if s is a skin pixel and ys = 0 if not. The
color image, which is the vector of color pixels, is denoted by x and the binary
image made up of the ys’s is denoted by y.

Let us assume for a moment that we knew the joint probability distribution
p(x, y) of the vector (x, y), then Bayesian analysis tells us that, whatever cost
function the user might think of, all that is needed is the posterior distribution
p(y|x).

Inference problems can often be guided by graphical models, in which we
represent variables and their relationship with nodes/vertices and edges. Infer-
ence on graphical models are implemented in many disciplines like AI, computer
vision, statistical physics and error-correcting coding theory [7], thus it is not
surprising to see many variants of graphical models. In the following we shall
introduce the pairwise Markov random fields (MRFs) used in our work.

2.2 Pairwise Markov Random Fields

Pairwise MRFs provide attractive theoritical models for computer vision prob-
lems such as image segmentation or image restoration [1]. They are undirected
graphs in which there exist only pairwise relationship between nodes. There is no
causal node in such graphs like those in the Bayesian networks where there are
causal nodes called “parents” of other nodes. Pairwise MRFs are the simplest
and most used MRFs in computer vision.

We propose two graphical models called hidden Markov model (HMM) and
first-order model (FOM) for skin detection. They are shown in Fig. 1 for a lattice
of 4×4. The label image y is the hidden layer with nodes ys represented by empty
circles. The color image x is the observed layer with nodes xs represented by
filled-in circles. The links between neighboring nodes represent the potential
functions of the corresponding nodes. HMM is a special case of FOM.

The distribution of the FOM is then:

π(x) =
1

Z

∏

s∼t

ψst(xs, xt, ys, yt) (1)

where Z is a normalizing function and ψst are parameters to estimate from the
data. Parameter estimation for FOM is hard since ψst(xs, xt, ys, yt) involve a
huge parameter space.

Let us assume for now that the graph of pixels was a tree. Then the distrib-
ution of FOM could be written as:

p(y|x) ∝
∏

s∼t

p(xs, xt, ys, yt)

p(xs, ys)p(xt, yt)

∏

s∈S

p(xs, ys) (2)
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Fig. 1. Left: Graphical models of HMM. Right: Graphical models of FOM. The label
image y is composed of empty circles. The color image x is represented by the filled-in
circles. These models are pairwise in terms of pixel lattice

The ∝ in the above equations means equality up to a normalization function that
might depend on x but not on y. The parameters can be empirically estimated
from the data. This model is referred to as TFOM for Tree First-Order Model.

In the case of HMM, the distribution boils down to:

p(y|x) ∝
∏

s∼t

p(ys, yt)

p(ys)p(yt)

∏

s∈S

p(xs, ys) (3)

It will be referred to as THMM for Tree Hidden Markov Model.

3 Experiments

The Compaq database is split into two almost equal parts, the training set and
the test set, randomly. Belief propagation algorithm [7] is implemented for prob-
ability inference of THMM and TFOM at pixel locations. Each graph has been
approximated by Bethe Tree Approximation [6]. We refer to the independent
model in [2] as the baseline model and compare THMM and TFOM with this
model.

4 Summary and Conclusions

We have derived several graphical models for skin detection that perform uni-
formly better than the baseline model. All the models in this paper are pixel-
based. In our future work, we can try to combine the pixel-based techniques with
shape-based segmentation.
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Fig. 2. First: original color image. Second: result for the Baseline model. Third:

result for the THMM model. Last: result for the TFOM model
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Fig. 3. Receiver Operating Characteristics (ROC) curve for each model. x-axis is the
false positive rate, y-axis is the detection rate. Baseline model is shown with crosses,
THMM with triangles, while TFOM with squares.
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