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Abstract

Objectives: Numerous techniques have been proposed in past for skin colour modelling and some out of these are utilized
in human detection problem. This paper proposes a novel technique which uses Indexed Look-up-table (ILUT) for skin
colour modelling. Methods: In the proposed technique, skin colour cluster on 2-dimensional Cb-Cr plane in YCbCr colour
space is modelled with an ILUT. ILUT contains the lower and upper bounds of Cb values corresponding to each value of
Cr in the skin colour cluster. Outliers in the cluster are removed by applying median filter, because they contribute to the
wrong classification of skin colour and hence wrong detection. Findings: The proposed technique delivers reasonably
good performance on True Positive Rate (TPR), False Positive Rate (FPR) and Accuracy parameters. Classification accuracy
of 89.89% for proposed technique is almost comparable to that of other techniques in literature. Comparative results are
shown in Table 2 of the paper. Classification complexity is one parameter on which the proposed technique outperforms the
rest of the other skin colour modelling techniques and it is of O(MxN). MxN is the image resolution. Skin colour modelling
using ILUT is also efficient in terms of space requirements as compared to other non-parametric methods of skin colour
modelling. Applications: Least classification complexity makes this technique most appropriate for real time systems/
applications for detecting presence of human being.
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1. Introduction

Automated detection of human objects is now becoming
an important and integral part of a number of applications
such as video surveillance, robotics, biometrics and
human machine interface etc. Skin colour of human
being which is mostly visible on face is a feature that fairly
discriminates a human being from the other objects in an
image. Skin colour occupies a specific range in each plane
of the colour space'. The image pixels which lie in this
range are recognized as skin pixels.

The range of skin colour varies based on age, ethnicity,
and illumination of environment in which image is
captured. Effects due to Illumination can be reduced by
choosing an appropriate colour space. The colour spaces
that have mostly been used in previous researches are
HSV, YCbCr and YUV. RGB and L*a*b has also been used
at some places. Comparative analysis in a research shows
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that YCbCr colour space gives better result as compared
with others on maximum image databases®.

Y of YCbCr is the luminance component and Cb,Cr
are the chrominance components. The chrominance
component has negligible impact of external illumination
effect’, that’s why it is preferred to be used for skin colour
modelling. The ranges of Cb and Cr for skin colour
intensities are more compact as compared to ranges
of components in other colour spaces’. This can well
be tested on “Thresholder app’ of MATLAB for a given
sample image. Compact range reduces the probability
of overlapping of two distinct colours, in turn support
accurate modelling. YCbCr colour space is hence used for
skin colour modelling on our case.

Skin colour modelling is task of designing a classifier
that can classify/distinguish skin colour intensities
from non-skin intensities. Number of techniques has
already been proposed in the literature for skin colour



ILUT based Skin Colour Modelling for Human Detection

modelling>®. On the ground of classification methodology,
these techniques can be categorized into three broad
categories. Classification by thresholding is the first one,
second is category of parametric methods and the third is
non parametric methods category.

The idea of classification by thresholding is to
explicitly define skin regions by deriving some threshold
ranges of colour space components. The classification
function could be the rules that define skin colour cluster
based on thresholding done’. A set of rules on R, G and B
components of RGB colour space are provided in®’. The
pixel is identified as skin if the conditions in the rules hold
good. Another set of decision rules on RGB are proposed
in'®!. The approach in* gives the linear and non-linear
decision rules for Cb, Cr components of YCbCr space
and U, V components of YUV space. Linear decision
rules for H, S components of HSV space are provided in'.
Challenge with this category of methods lies in finding
the adequate decision rules.

The non-parametric methods estimate skin colour
distribution from the training data. Methods in this
category are distance-based segmentation, Look-up-table
(LUT), Bayes classifier, ANN'*"* and SVM*. Euclidean
distance between test image pixels and mean of sample
skin colour pixels is used as the measure of similarity in
distance-based segmentation'®. A threshold on distance
is the classification rule for the method. Without using
arithmetic operations, skin colour segmentation is
achieved by LUT’s. A 2D histogram is referred to as LUT,
with each cell containing the frequency of particular
colour value when processed on sample training images?.
LUT is normalized to get cell values in the range (0 - 1).
This Cell value represents the likelihood of colour to be
skin'’. The likelihood in previous method can be viewed
as conditional probability of a colour to be skin i.e. . The
technique proposed in "7'* use Bayes rule for conditional
probability to classify skin pixels.

As non-parametric methods are histogram based and
therefore have much space complexity, the performance
of these methods depends on size of training image
set?. Parametric methods as single Gaussian, mixture of
Gaussian’s and boundary models resolve the performance
issues of non-parametric methods. The cluster of skin
pixels or skin colour distribution is modelled by a
Gaussian joint probability distribution function (pdf).
Posterior probability is used to classify pixel as skin or
non-skin, which is the function of mean and covariance
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of gaussian®**. Technique proposed in * has used mixture
of Gaussian’s for modelling the skin cluster. Beside these,
some geometric boundary models has also been used
to model skin cluster. In ** have modelled the cluster by
elliptical boundary function.

Though parametric methods reduce the complexity
of training phase but still the testing phase involves
complex arithmetic’s on each pixel to classify as skin/
non-skin. This testing phase complexity is the actual
classification complexity of any method. The analysis
of classification complexity of the various methods is
a genuine contribution to the research proposed in this
paper. This is discussed in the experimental result section
i.e. section 4 of the paper. Indexed Look-up-table (ILUT)
based classification proposed here is one promising
solution, which has least classification complexity with
the legitimate classification accuracy. Accuracy of the
classifier is maintained by filtering the outlier’s as outlier’s
increases the False Positive Rate (FPR) of classifier. This
is explained in detail in the section 2 of the paper. Beside
classification, pre-processing done in the proposed
method is countable portion of research.

Rest of the paper is organised as follows. Section 2
details the method proposed here, with pre-processing,
filtering and modelling as its subsections. Experimental
results of skin colour classification using ILUT are
presented in section 3. The discussion on classification
complexities of various methods and as well the
comparative analysis of accuracy results are also discussed
in section 3. Finally, the paper is concluded in section 4
with directions to the future work.

2. Proposed Method

The method proposed here is novel and simple. The skin
colour modelling is done using ILUT i.e. classification
model used is ILUT. The kind of LUT’s used earlier were
the two dimensional array where each cell represents one
Cb-Cr point. The value each cell contains is the frequency
of Cb-Cr pixels occurring in images, when processed on
the training dataset. The same is discussed in introduction
section and references are provided for various researches
that have made use of such LUT's.

The size of these LUT’s is recognized to be 256x256,
i.e. 65536 cells, each of which corresponds to a unique
Cb-Cr pixel intensity. These 65536 cells correspond to
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both skin and non-skin regions. While ILUT is created
for skin region points only, where number of cells limits
to around 2000 only. Reduced size of ILUT reduces the
space requirement and as well reduces the classification
complexity to the order of size of image. This enables the
classifier designed in this method to work in real time,
for skin/non-skin region classification. The skin region
recognized in the image denotes the presence of human
being in the scene.

In details of the modelling ILUT as a part of proposed
method is discussed in this section. The first step of the
method is pre-processing, where the image dataset is pre-
processed for acquiring Cb-Cr data against skin colour
region in YCbCr color space. In next step, skin colour
model is derived. The words model and classifier are used
alternatively.

2.1 Pre-processing

An image dataset containing the human individual
images, as well as the family images is taken for pre-
processing. This is Pratheepan’s dataset!, which also has
ground truth images with skin region marked. The image
set of 32 images containing human individual in the
image is used for training the classifier. The Cb-Cr data
of skin region in the images of this image set is acquired
by placing images and their ground truth adjacent. This
Cb-Cr data is the Cb and Cr values of each skin pixel in
an image. A pixel could be the skin pixel only if the pixel
has some specific values of Cb for some specific values of
Cr. Cb and Cr are therefore dependent variables and can
be plotted as point (Cr, Cb) on the coordinate plane with
Cb and Cr as two axes.

In practical scenario of our experiment, the number
of acquired Cb-Cr data points is so large that it reaches
something 5 lack data points*. With such large quantity of
data, training a model/classifier is too much time taking.
The situation becomes more adverse when complex
classifiers as Support Vector Machine (SVM) or Artificial
Neural Network (ANN) are used. Against this, histogram
based approaches for training reduces the number of Cb-
Cr data points to 256x256 i.e. 65536. This is because Cb
and Cr in YCbCr colour space ranges from 0 to 256 for all
possible colours in the nature. As discussed earlier, that
all other methods using normal LUT’s make use of all
these 65536 data points, which results in increased space
requirement. But, out of 65536 different colour intensities,
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the skin colour intensities only contribute to a smaller
percentage. Around 2051 colour intensities were found
to be lying in skin colour region when experimented on
Pratheepan’s dataset, where dataset covers images from
various ethnic groups and remote geographical regions.
The Figure 1 shows the scatter of Cb-Cr data points under
skin colour region.

Figure 2(a) is the zoomed view of scatter in Figure
1. According to the scatter of Cb-Cr data points for skin
region, the Cr value for skin pixel lies in range from 113 to
200 and Cb values lies in range 76 to 140. Scatter obtained
forms an irregular shape and can be thought as a cluster
of skin pixels. All remaining pixels can be treated as non-
skin pixels. Few of the researchers?** have identified
this problem as a clustering problem and accordingly
solutions are proposed. However, here in this paper a
simple classification method is derived to model the
cluster of skin pixels as seen in Figure 2.

The accuracy of classifier depends on how correctly
the skin cluster is modelled. The pixels at boundary are
sparsely scattered so are difficult to model. Many of these
are so sparse that they become outlier to the model. These
factors increase the False Positive and also decrease the
True Positive of classification which in turn affecting the
classifier accuracy. These outliers are like the noise to the
distribution. For smoothing the blurred boundary of skin
cluster and removing the outliers, the filtering is applied
on cluster in Figure 2(a).

For filtering, a 3x3 filter with all weights 1 is taken to
convolute the Cb-Cr coordinate plane. Filter function
is median i.e. the centre pixel of sample in the image is
replaced by median of convolution vector. And result of
median filter obtained is shown in Figure 2(b).

:
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Figure 1. Scatter of skin region points.
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Figure 2. Skin region scatter (a) before filtering, (b) after filtering.

2.2 Proposed ILUT

ILUT proposed here is a 256x2 matrix, where 256 rows
designate 256 levels of Cr values and two columns
corresponds to the Cb values. Having only 2 columns for
Cb against 256 different levels is the only main idea of
reduction of LUT size. Two columns contain minimum
Cb and maximum Cb for each of 256 levels of Cr. The
complexity of classification with this model reduces
to ‘O(MxN)’ i.e. the size of image. Data points used to
train this ILUT are Cb-Cr points in skin cluster obtained
after filtering i.e. cluster of Figure 2(b). With just two
comparisons the skin pixel is classified while it takes just
1 comparison for non-skin pixel. This results in faster
rate of classification and enables it to be feasible for real-
time applications. The classification accuracy and time of
classification results are shown in the next section.

3. Experimental Results

Experiment is done on images from Pratheepan’s dataset*.
The dataset contains images of individuals and family
images from various ethnic groups from all around the
world. The training of ILUT is done with 32 image set of
individuals. Later, testing is performed on both images
with individuals and family images as well. The testing
results of classification are shown in Figures 3 and 4.
Figure 3 contains the image results of skin classification
in individual’s images while Figure 4 contains the results
of family images.
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Figure 3. Images with individuals from Pratheepan’s Image
dataset, original image in Ist column, classification results
without filtering in 2nd column is, and results with filtering
in 3rd column.
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Figure 4. Classification results on family images, row 1 are
original images and row 2 are results with filtering.

Pixels of the test image are classified either as skin or
non-skin. Output of the classifier hence generated is a
binary image. How correctly the skin and non-skin pixels
are classified as skin and non-skin decides the accuracy
of classifier. The quantitative measurement parameters
to this are True Positive Rate (TPR), False Positive Rate

(FPR) and Accuracy.
1
R__ TP (1)
TP+ FN
FpR=—1P (2)
FP+TN
TP+TN
Accuracy = 3)
TP+ FP+FN +TN (
where,

TP is the number of skin pixels classified as skin

FN is the number of skin pixels classified as non-skin

FP is the number of non-skin pixels classified as skin, and

TN is the number of non-skin pixels classified as non-skin
TPR and FPR calculation is done for each of the test

results of 32 images in both cases, one without using filter

before training the ILUT and other when median filter is

applied before training. The plot of this is shown in Figure

5. Figure 6 shows the plot of average TPR and FPR in two

cases.
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Figure 5. TPR and FPR for training image set; TPR1 and
FPR1 in case of without filtering and TPR2 and FPR2 in case
of with filtering.
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Figure 6. Average TPR and FPR in two cases.

Accuracy of the classifier in above two cases is
tabulated in Table 1. It can be observed from the table
that, applying filter on skin cluster improves the classifier
accuracy. Table 2 gives a comparison of accuracy achieved
by various previously discussed methods with that of
proposed methods. It outperforms several of those
methods but not all. Then another factor to taken care
is Classification and computational complexities of the
methods, where proposed method outperforms others.
No time calculation is done for each method as time of
execution of any algorithm depends on computer system
performance. That's why complexity here is shown in
asymptotic notations. Analyzing data of Table 2, we can
also determine that the proposed method is best to work
in real time.

Table 1. Comparison of TPR, FPR and accuracies in two cases

Classifier TPR FPR Accuracy
ILUT (without filter)  0.624 0.191 0.837
ILUT (with filter) 0.668 0.199 0.8989
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Table 2. Comparison of accuracies and classification complexities for various skin colour

modelling methods

Classifier Accuracy Classification Complexity Remark
Proposed Approach 0.8989  O(MxN) Training simplest in
Linear Fitting®'° 0.7958  O(MxN) terms of space & time
both
LuT" 0.8641  O((MxN)A2) Classification not
Non-linear fitting’ 0.8832  O((MxN)An), n is degree of achieved in real time
fitting curve
Distance-Based Segmen- 0.8792  O((MxN)A2)
tation'®
ANN™H 0.8931  O(MxNxO(activation function)) Training phase is too
SVM® 09027  O(MxNxO(kernal)) much complex i.e.
time taking
Gaussian PDF*"* 0.9070  O(MxNxO(d)A3), d is order of
covariance matrix
Elliptical Boundary Model*  0.9013  O(MxNxO(Locus))

4. Conclusion

The method proposed here for skin colour modelling is
very efficient in terms of classification complexity, which
makes it to be used for automatic human detection in a
real-time application. The automatic detection of human
being in any scene/image requires the approximation of
Blob (binary large objects) found in processed binary
image to the human posture. The classification accuracy
achieved by ILUT is also reasonably high, which can give
a higher rate of correct detection of human being. The use
of YCbCr colour space makes the ILUT modelling and
classification unaffected by ambient light illumination
effects.

The constant space requirement and the constant
classification complexity with good accuracy make the
ILUT most appropriate solution to human detection in
real-time systems. Moving human object can be detected
and tracked even with moving/stormy background is
one added advantage of the skin colour modelling based
human detection. One minor drawback the skin colour
modelling based techniques faces is high FPR and in
turn low accuracy in case of skin colour background or
background objects. The resolution to this problem is
kept under directions to the future work.
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