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Abstract
This note reports an experiment where a single Gaussian model and several Gaussian mixture models were used to model
skin color in the rg chromaticity space. By using training and test databases containing millions of skin pixels, we show that
mixture models can improve skin detection, but not always. There is a relevant operating region where no performance gain
is observed.
? 2003 Pattern Recognition Society. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

2. Methodology

The single Gaussian model (SGM) [1] has been widely
used for modeling the skin color distribution. More recently,
Gaussian mixture models (GMMs) have been proposed for
this task (e.g. Refs. [2,3]), where it was suggested that they
could outperform SGM. However, these works do not provide an experimental comparison of the two modeling approaches for skin color modeling. A detailed analysis on
their relative performances is still lacking.
This note presents an experimental investigation which
aims at comparing performances of modeling skin color with
SGM and GMM in the rg chromaticity space, which is the
most popular color space for skin color modeling [4] —what
justi#es our choice for it since the impact of a new result is
larger.
Our experiment shows an interesting result. GMMs just
improve performance in a very speci#c operating region,
when true and false positive rates are high.

The methodology used in the experiment is described as
follows:
Training and test sets: The #rst step of the experiment
consists of selecting representative skin samples for training
and testing. In the rg chromaticity space, each color is represented by a vector v = (r; g), where r = R=(R + G + B) and
g = G=(R + G + B). This work considers Internet images,
which were acquired under unknown conditions. Skin pixels were selected by manually cropping skin regions with
closed polygonal curves. Non-skin pixels were also stored
for test purposes. All test pixels were labeled as being skin
or not, once this is needed during the evaluation step. The
sampling was systematic: (i) a total amount of 21,216,152
pixels was collected from people belonging to several ethnic
groups, such as Caucasian, African, Hispanic and Asian;(ii)
pixels were acquired from several regions of the human
skin, including the face, arms and legs; (iii) images containing strong highlights and shadows in skin areas were
discarded. The #nal sample was divided in two equal parts:
one for training and the other for testing, so each containing 10,608,076 pixels. The non-skin pixels, which totalized
440,451,063, were added to the test set.
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Fig. 1. A sample test image (top left-original colored) and skin-likelihood images for the SGM (top center) and for the DGM (top right).
The graphic shows the ROC curves for both SGM and DGM applied to the image: the relative performance depends on the operating point.

Single Gaussian and Gaussian mixture modeling
(SGM-GMM): From the training set, a Gaussian model
is estimated analytically via the maximum-likelihood (ML)
criterion and seven mixture models (from 2 to 8 Gaussian
components) are estimated via the expectation-maximization
algorithm [3], which also yields ML estimates. Given a
pixel with color coordinates (r; g), each model returns an
output proportional to the probability of this pixel being
skin. This output we call skin-likelihood.
ROC curves construction: Each model is applied to the
test set as follows. For each pixel in the test set, the corresponding output produced by the model is calculated. If
this value is above a given threshold, the pixel is considered to be skin; otherwise, it is regarded as non-skin. This
classi#cation result is then compared with the correspondent label for this pixel in order to determine how many
skin pixels were correctly classi#ed as skin (true positives)
and how many non-skin pixels were incorrectly classi#ed
as skin (false positives). By setting multiple thresholds in
this scheme, we generate receiver operating characteristics
(ROC) curves. Fig. 1 shows an example of a test image, the
skin-likelihood images for the SGM and the double Gaussian model (DGM), and the correspondent ROC curves.

3. Results
The performance evaluation scheme was applied to
the entire test set containing 10,608,076 skin pixels and

440,451,063 non-skin pixels. Eight models were estimated
from the training set, with 1–8 Gaussians. For each model,
the corresponding ROC curve was generated following the
procedure outlined in Section 2. Fig. 2 presents a plot with
the ROC curves for the eight models.
Some conclusions are obtained by inspecting the plots.
First, the SGM has poorer performance for medium to high
true positive rates (TPRs), while for low TPRs its performance is comparable to those of the GMMs. Second, all
GMMs display very similar performance over the whole
range of possible operating points. Consequently, mixture
models are not necessarily the best option for skin color
modeling in rg chromaticity space, but just under the special
condition of high TPRs.

4. Conclusions
This note has presented a performance evaluation of the
SGM and several GMMs for the human skin color representation. An experimental setup was designed where a data
set of skin pixels obtained from Internet images was used
to train an SGM and seven versions of GMMs. The eight
models so obtained were applied to a test set also containing images from the Internet, but di$erent from those of the
training set. By labeling skin and non-skin regions in the
test images, ROC curves were computed. The analysis of
those curves lead to two main conclusions. First, the SGM
exhibits inferior average performance from medium to high
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Fig. 2. ROC curves for the SGM and for the several GMMs obtained by applying the models to the entire test set.

TPRs. Second, the GMMs average performances are very
similar. These results suggest that skin color mixture models may be more appropriate than the SGM just when high
correct detection rates are needed.
We are currently working on evaluating the relative performances of SGM and GMMs for di$erent color spaces in
an even larger skin database.
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