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Abstract. In this paper we present a semiautomatic method for skin
identification in video sequences. The user trains the system by selecting
in a frame some typical positive skin pixels, that will be used as a refer-
ence for the construction of a nonlinear distance metric. In this learning
process the global optimum is obtained by induction employing higher
polynomial terms of the Mahalanobis distance, extracting nonlinear fea-
tures of the skin pattern distributions. These nonlinear features are then
used to classify the frames captured from the camera, identifying all skin
and non-skin regions on the scene. We adopt an estrategy which enables
this method to run in real-time after some iteractions. We also compare
our classification method against vector norm (L2) and Mahalanobis dis-
tance, showing a better classification for the skin patterns.

1 Introduction

In the last years the human-computer interaction area has gained importance in
the global scenario for many interactivity and entertainment applications. This
area have been supplied by many technological devices such as data glovers,
infra-red cameras and immerse environments, however, they are still expen-
sive for research purposes and real world applications. Feasible solutions can
be achieved by the use of cameras allied with computer vision and image pro-
cessing techniques. Computer cameras or popularly webcams are accessible for
everyone and the actual stage is several applications can be developed using
non-expensive hardware and software components.

Although computer vision and image processing techniques achieved a high
maturity level since then, a very desired application is the identification of ges-
tures and poses realized by a person and captured by a simple camera. In order
to identify some of this actions, a primarily low-level task is the identification
and segmentation of those patterns corresponding to the skin and its differ-
ent variations over the time. One of the main difficulties involved for this task
is the variability of light in different environments (indoor, outdoor, highlights,
shadows, non-white lights) [4]. Other problems are related to the camera charac-
teristics, such as different sensors and lens. As an example, the color reproduced
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by a CCD camera is dependent on the spectral reflectance, the prevailing illumi-
nation conditions and the camera sensor sensitities. Ethnicity problems because
skin color also varies from person to person belonging to different ethnic groups
and from persons across different regions [4].

Other problem is related to the discrimination function used to measure the
real differences between the color vectors and skin patterns. This discrimination
is a function which aims to quantify each input color vector, giving a scalar
value corresponding to the similarity or how near to a skin pattern a given color
vector is located spatially. There are many different ways to compute a simi-
larity function for an image processing method, more specifically color image
segmentation [8]. The most common similarity functions are those distance met-
rics based on the L2 norm, computed from two color vectors (‖u− g‖) [7]. Other
similarity functions take in focus the geometry of the color space, which plays a
very important role in the similarity measuring [2]. For each color space model,
an appropriate distance metric can be used to optimize the perceptual relation
between geometry and similarity. For some cases the large amount of possible
combinations between color spaces and distance metrics may make it difficult to
choose a good discrimination function. As consequence, some image segmenta-
tion methods need of many input parameters to compensate for the poverty of
the similarity function used [5].

The expressiveness of a similarity function can be improved by the use of some
knowledge about some target on the image. This target or simple “knowledge”
may be considered a kind of side information as demonstrated by [1], which is
generally composed by pairwise constraints1. Then, these pairwise constraints
are used as input information into localKnn classifiers, creating a discrimination
surface into these spaces. Once obtained these discrimination functions are used
to classify the color vectors into bimodal values: 1 for similar color vector, and 0
for the non-similar ones. An interesting approach using this classifiers is shown in
[7]. This approach is compared against other state-of-the-art methods, showing
a better classification for data clustering and pattern classification

However, skin patterns can present a considerable variability in the color
space, and related works in skin identification or segmentation can be found
in the literature: In [6] a method for real-time skin segmentation is presented,
where the proposed method is able to adapt to the skin color changes and even
for different light conditions. As first step the method uses a generic skin color
model, and the canny edge detector is used to locate the borders on the scene.
This border is used as evidence about qualitative skin regions on the pattern,
correcting and closing some lackages. In [9] an approach for skin detection for
single images is presented. This method also uses a trained skin color model to
classify an image into skin and non-skin regions. The selected pixels in this first
classification are then used to create a new intermediate color model, which is
used to identify the next frames. A methodology based on neural networks (more
specifically RCE) is presented in [10]. This last one aims to segment the hand

1 The observer defines which pairs of data points are similar (S) and dissimilar (D),
in the form of S : (pi, pj) and D : (pi, pj).
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Fig. 1. General overview of the proposed approach. Training step: definition of skin
patterns. Classification step: identification of skin patterns in the video sequence.

region for a gesture-based human-service robot interaction system. In this paper
is also shown a study where different color spaces were used (RGB, HSI, CIE-lab
color spaces), demonstrating the human skin colors presents more variation in
intensity than in color components.

In this paper we propose a new method for skin color segmentation in video
sequences. This approach is a two-step procedure: first, a training step is per-
formed where the pattern skin is captured and a nonlinear topological map is
defined. Second, each color vector in each frame is classified in this topological
map, giving a scalar corresponding to the similarity level for this color vector.
As final process a region growing procedure groups the candidate skin regions.
The obtained results show that our method is able to identify of skin patterns
in a real-time application, using a nonlinear topological map. A demonstrative
video of the proposed approach can be found in here2.

2 Methodology

The proposed approach is a two-step procedure composed by training and clas-
sification, as illustrated by the diagram of Figure 1. The training step (top) is a
supervised learning process where the corresponding skin patterns are defined.
These skin patterns are then used to learn a distance metric, and used to create
the topological maps need in the classification step – Figure 1-(bottom).

The remaining of this paper is organized as follows: The next subsection we
explain the distance metric used to classify these skin patterns. The training
step for the creation of the topological maps is detailed in Section 2.2. The
classification process and the strategy used to achieve a real-time performance
to our method is discussed in Section 2.3.

2 https://www.dropbox.com/sh/i80mf6cg9ji6r6l/AAC6xKPkG2FYfemccsK9zpgKa

https://www.dropbox.com/sh/i80mf6cg9ji6r6l/AAC6xKPkG2FYfemccsK9zpgKa
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2.1 Polynomial Mahalanobis Distance

In this work we avoid some limitations of the pairwise constraints by using the
polynomial Mahalanobis distance (PMD) [3]. This distance metric is able to cap-
ture the nonlinear features of the pattern distribution by using only similar data
points in the learning step. The nonlinear discrimination is guided by a polyno-
mial degree (q-order), which determines how rigorous the similarity must be over
a pattern distribution. Its q-order also provides for better outlier elimination for
high polynomial orders, increasing the robustness of the measuring. The Ma-
halanobis distance weights the distance calculation according to the statistical
variation of each component, given by

dM (x, y) = ‖x− y‖A =
√
(x− y)TA−1(x− y), (1)

where dM (x, y) is the Mahalanobis distance between two color vectors x and y
and A−1 is the inverted covariance matrix computed from a multivariate dis-
tribution. As shown in (1), the MD also reduces to the vector norm if A is an
identity matrix. The polynomial part of a Mahalanobis distance can be obtained
from the Equation (1), which is also the first of q-orders in a PMD sequence. The
main concept of the PMD is mapping the input data into higher order polyno-
mial terms, creating very high polynomial maps. Let S : p1, p2, p3, ..., pN be a set
ofm-dimensional color vectors, where the pi ∈ �m correspond to the similar data
points (training set), and N is the cardinality of S. The first step is to compute
the MD metric between two color vectors x and y as in (1) and to use the input
data S in the covariance calculation, which is the first q-order (1st-order, or the
MD between x and y). The second step is to calculate the second polynomial
projection (2nd-order), by mapping all m-dimensional pk = {pk1 , pk2 , ..., pkm} of
S, for k = 1, ..., N basis, into all polynomial terms of order q or less. For exam-
ple, consider a two-dimensional vector pk = {pk1 , pk2}. The mapping of this two-
dimensional vector into 2nd-order polynomial terms is (pk1 , pk2 , p

2
k1
, p2k2

, pk1pk2).
From a computational point of view, the q-order PMD could be obtained by

directly mapping all data points into their respective polynomial terms, and so
using it in (1). However, for large m and q, the number of term combinations
makes this distance metric computationally infeasible. A way to compute very
large polynomial terms is by using the following framework proposed by [3]:

dPM (x, y) = dMσ2 (x, y) +
L∑

l=1

dMσ2

(
gil , g

j
l

)
, (2)

where dMσ2 (x, y) is the Mahalanobis distance with a small positive value σ2

used to avoid inversion limitation, L > 0 is the maximum number of q-order
maps (q = 2L), and the arguments gil and gjl are the next projections of x and
y into their polynomial terms. The PMD is detailed in [3].

2.2 Training Step and Model Calibration

The training step is composed by two stages: input data definition and model
calibration. The input data definition is the selection of the qualitative skin
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Fig. 2. Topological maps in different techniques and polynomial orders

patterns in the scene. For these skin patterns we designate the set S, and it will
be used to learn the distance metric presented in 2.1. As previously explained,
the parameter L of equation 2 needs be defined. This parameter controls the
number of polynomial map projections that should be generated for the next
step (classification procedure).

The model calibration is the stage where the distance metric is effectively
established, one for each q-order until L-order. As the PMDmetric is a projective
method, all the lower-orders built (q ≤ L) will be available to be used without
a new training step. The user only needs to define the q-order of the map that
should be used, since this q order is lower or equal than L. The frames then
can be classified by computing the similarity of each color vector in a specific
q-order map in the topological map chosen. The higher the polynomial map
selected by the user, higher is the responses provided for non-similar input color
vectors, and the values increases depending on q-order selected. This natural
property was explored in our approach in order to reduce the dependency of a
thresholding value usually required in other related approaches. In other words,
for higher polynomial order, the method is self-adaptive and there is no need for
a thresholding value due the compactness of the classification method. The next
procedure is a normalization step used to enhance the discrimination function
obtained by the method, given by:
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I(x,y) = e(−λdPM (x,y)) (3)

where dPM is the PMD previously explained in the equation 2, and λ > 0 is
a contrast parameter value used to refine the polynomial map degree and the
topology of the maps. As result, the above equation results in scalar values
varying on a range [0-1], where similar color vector will present classification
values as close as possible to 1, and 0 for the counterpart.

In the figure 2 the topological maps obtained are presented, and a brief com-
parison against the vector norm (L2) and the regular Mahalanobis distance de-
noted in Equation 1 is shown. The PMD metric described in Equation 2 is also
presented, and it is shown the training set S defined over a skin pattern, repre-
sented by the blue dots.

Each column represents a RGB color model decomposition, being from left to
right: RG, RB, GB for the corresponding pattern distributions. This decomposi-
tion is used for visualization purposes, and all the dimensionality information of
S was used in the training step. In row (a) it is presented the Euclidean distance
metric and at the same time two typical problems: the need of a rough threshold
value to cut the space into skin and non-skin regions, resulting in many out-
lier points. White regions indicate higher similarity zones, and the counterpart
is also shown by the back ones. It is demonstrated that increasing or relaxing
the thresholding parameter does not provide a robust classification of the skin
pattern, and many background regions can be included as false positive. In row
(b) it is presented the MD metric (first q-order) using the normalization process
performed by the equation 1. It is important to notice that this topological map
still needs a threshold value in order classify between skin and non-skin regions.
In row (c) it is shown the 2-order polynomial map and their respective decompo-
sition. In this q-order is possible to obtain a very robust discrimination between
positive areas (white) and negative ones (black). In the rows (d), (e) and (f),
we present the 4-order, 8-order and 16-order, respectively (22, 23 and 24). As we
can see the higher the polynomial q-order map, the tighter the distance metric
is, or in other words, more robust and restrictive the classification process is
for skin pattern distributions defined by S. For the polynomial projections were
used L = 5 and contrast parameter λ = 1.

2.3 Classification Procedure

The classification process is a step in where each frame is classified in the topo-
logical maps previously defined. This process is summarized by the diagram of
Figure 2-(bottom), and in this step the user selects the q-order topological map
to be used in the classification. Each pixel in a given frame is verified in this
map, and a scalar value corresponding to the similarity is obtained. This process,
however, is very time-consuming if each pixel in each frame is directly classified
in the topological map.

In order to make this process as near of possible to real-time processing, we
adopt the following procedure:
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– A empty four-dimensional structure of floating point is defined (designated
M). This structure represents the RGB cube coordinates with an additional
dimension corresponding to the polynomial order (q-order);

– When the classification process starts, a histogram is computed for the first
frame, and each color vector is verified in S (as Equation 3). For each com-
parison a similarity value is obtained and stored in M at their corresponding
position (r, b, g, q).

– The next frames are directly verified in M . Case M returns an empty value
for a specific color vector, it needs be computed as above, once is its first
occurence over the frames. The similarity value is now stored in M , and then
this color vector does not need be computed anymore.

This process is repeated for each new occurence in the current frame. After
some iteractions3 M has enough information to run near from the real-time
processing (more than 20 fps in our experiments). If the camera is moved the
same procedure needs be computed, where only new color vectors are included.

The final process a region growing algorithm (8-connected) which groups the
pixels whose similarity intensities are higher.

2.4 Experimental Results

We performed some preliminary experiments in different light conditions and
situations. In Figure 3-(a) the initial frame is shown, where the training set and
calibration model were performed as illustrated in the Figure 1 -(top). In (b) the
results we obtained using a 4-order polynomial map are presented. In (c) and
(d) the intensities of the classification method are presented. Finally, in (e) we
used another person using the same training set used in (a).

Fig. 3. Segmentation results. In (a) original frame. In (b), segmented skin regions. In
(c) and (d) intensity images.

3 In our experiments with approximately 20 frames 200.000 inclusions in M were
performed.
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In this figure is presented a heterogeneous environment composed by many ob-
jects and colors near from skin pattern. The color space used in this example is the
RGB one, where the light variations are presented over the diagonal of this space.
This example shows objects with color variations near from the skin patterns, such
as the desks.Ademonstrative video of the proposed approach canbe found in here4.

3 Conclusion and Discussions

In this paper we presented a supervised skin segmentation method for real-time
video processing. The results we obtained shown a better discrimination when
compared with vector norm (L2) and also against the Mahalanobis distance,
which weights the distance calculation according to the statistical co-variance.

The strategy used in our approach uses a four-dimensional structure stor-
ing only new color vectors (first occurrence). This structure when completed
with approximately 200.000 inclusions runs near to the real-time using a single
CPU core, and according new inclusions are performed, better is the response
of the proposed approach in terms of execution time. The preliminary results
have shown that the method can be used for human-computer interaction using
personal cameras (webcams) and personal computers. As a future work other fea-
tures could be experimented to refine the classification process, such as texture
and gradient information. The polynomial Mahalanobis distance is an effective
m-dimensional method, and it supports extra information.
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