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Abstract

Skin detection is an important step in various image processing and vision-based Human-
Computer Interaction (HCI) applications. It is the process of finding skin-coloured pizels and
regions in an image or a video. Segmenting skin from real-world images is a difficult task even
though human skin is known to possess a unique color range. The major challenges of skin
detection in images are — presence of skin-like colours in background and changes in chromatic
appearance of skin regions due to non-uniform illumination. In addition to these problems,
detection of skin regions in videos is more challenging in presence of time-varying illumina-
tion conditions and dynamic backgrounds. Motivated by these facts, we have proposed a set of
skin detection algorithms for different environmental conditions using chromatic and textural
properties of skin regions.

Standard skin probability map (SPM) can not perfectly discriminate skin and non-skin re-
gions in the above mentioned conditions. To overcome limitations of SPM, a new probability
map termed as discriminative space map (DSM) is proposed by extracting most discriminative
features between skin and non-skin regions. A novel adaptive discriminative analysis (ADA) is
proposed to extract most discriminant features between skin and non-skin regions from an im-
age itself in an unsupervised manner. Subsequently, a dynamic region growing (DRG) method
is employed to allow skin regions to grow dynamically. The DRG controls false detection by
restricting the region growing process. Erperimental results show that the proposed method can
efficiently segment out skin pizels in uncontrolled environments.

Our earlier proposed method assumes that the biggest skin-coloured region in an image be-
longs to actual skin region. Also, our earlier proposed method cannot perfectly handle non-
uniform illumination as improper illumination makes skin regions to appear darker than its
actual tone. To address these issues, a novel skin detection method is proposed by utilising
an image pizel distribution model (IDM), which is derived using a Gaussian Mizture Model
(GMM) in a given colour space. In this method, a local skin distribution model (LSDM) and
a local background distribution model (LBDM) are derived by exploiting the similarity between
the IDM and a reference skin pixel distribution model. The reference skin model is derived
from a set of facial skin pizels, and it is termed as facial skin distribution model (FSDM). A
local skin probability map (LSPM) can be derived using the LSDM and the LBDM. Finally, a
fusion-based skin probability map (FSPM) is obtained by using both the LSPM and an SPM
derived from globally obtained skin and non-skin training samples. Subsequently, the proposed
DRG algorithm is applied on the FSPM for further reduction in detection errors. Ezperimental
results show that the proposed FSPM can better discriminate skin regions from non-skin regions
as compared to state-of-the-art methods for skin detection in images.

The proposed FSPM-based skin segmentation method is applicable for a video when the
background is static and the ambient illumination does not change for all the frames of the video.
Howewver, the chromatic appearance of skin regions may change locally due to local shading effects
on account of the motion of body parts. To address this specific issue, a dynamic adaptation
scheme 1is proposed to detect skin regions which are affected by local colour deformations. The
proposed method has two modules — a static module for detection of static skin regions; and
a dynamic module for detection of moving skin regions. The static module consists of an
FSDM and a video specific background model. The video specific background model termed as
fusion-based background distribution model (FBDM) is obtained using an LBDM and a global
background distribution model (GBDM). The LBDM for this method is obtained by considering
the similarities of a frame pizel distribution model (equivalent to IDM) with the FSDM and the
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GBDM. Subsequently, the FBDM 1is derived by using the LBDM and the GBDM. In the dynamic
module of the proposed method, a moving skin distribution model (MSDM) is derived from a set
of moving skin samples. Initially, the moving skin regions are detected using a modified double
frame-difference method. An initial model for these moving skin regions is obtained by using a
GMM. However, some background regions can also be falsely detected as skin regions during the
mowving object detection process. The final MSDM is obtained by performing a filtering procedure
based on similarities of the initial moving skin model with the FSDM and the FBDM. Finally,
the static and the dynamic modules are fused by following a mazximisation rule. Ezperimental
analysis shows that the proposed skin detection method can detect skin region more accurately
than the state-of-the-art methods when there exist local chromatic variations of skin appearance.
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Introduction

Skin detection plays a very significant role in various image processing and Human-Computer
interaction (HCI) applications. In reality, human skin colour has a narrow range of tone,
and that is why they cluster in a narrow region in different colour spaces. This unique colour
characteristic of human skin makes colour-based skin segmentation very useful. This thesis
contributes to the research and development of skin detection in images and videos from three
aspects: a) fusion of local skin model derived using facial pizels with another skin model derived
using global skin samples, b) extraction of image specific discriminative feature to derive a
discriminative feature space for the skin and the non-skin pizels, and c) extension of the first
method for videos and time-varying local colour deformations. Experimental results on publicly
available databases show that the effectiveness of the proposed approaches for the skin detection
in different environments. This chapter gives an overview of the skin detection problem, its
applications, and the magjor challenges in this research. Finally, the organization of the thesis

1s presented at the end.
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1. Introduction

1.1 Skin Segmentation

Skin colour and textures are vital signs that individuals utilize intentionally or unknowingly
to deduce assortment of culture-related viewpoints about each other. They can be an indication
of race, well-being, age, riches, magnificence, and so on [24]. However, these interpretations are
subjective and vary over different cultures and ethnicities. Skin segmentation implies automatic
detection of skin-coloured like regions in images and videos. Researchers showed significant
attention towards skin colour information owing to its computational efficiency, robustness

against rotations, scaling and partial occlusions. Figure [Tl shows a process to detect skin

(a) (b) (c)

Figure 1.1: Skin segmentation: a) original image, b) skin mask and c) segmented image.

coloured regions. Accurate detection of skin regions is a very challenging research problem due

to various factors, such a:

o [llumination: Skin colour appearance may change significantly under varying illumination
conditions (e.g. indoor, outdoor, highlights, shadows, non-white lights). This may cause

serious degradation in overall detection performance.

o Skin-like background: The presence of skin-like colours in the background degrades the
detection performance. The non-skin regions may be falsely classified as skin regions due

their colour resemblance to actual skin tone.

o (Camera characteristics: The skin colour distribution of a person may look different in
images captured by different cameras even in a standard illumination condition. This is

due to the fact that sensor characteristic changes with illumination.

!This work has been published in IET Computer Vision, 2017. (Refer item Blin Page 117 for details)
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1.1 Skin Segmentation

e Fthnicity: Human skin colour varies significantly among persons belonging to different
ethnic groups or different regions. For example, an Asian person has lighter skin tone
than a typical African person. On the other hand, Caucasian people have more white off

reddish skin tone.

e Individual characteristics: Skin tone of a person also varies with age. Also, the skin tone

may changes due to excessive or extensive sun-exposure of body parts.

Skin detection and segmentation is an important research problem as it has many diverse

applications, such as:

i) Detection and tracking of various body parts, such as hands and face for gesture recognition

and human-computer interaction [19%25126].
ii) Objectionable content detection and filtering of web-based multimedia [27,28].
iii) Feature extraction for content-based image retrieval [29].
iv) Region of interest-based image coding [30-33], and many more.

According to Kawulok [8], there is a difference in the process of “skin detection” and “skin
segmentation”. Skin detection is a process where a pixel is treated as an independent entity
and it is classified as skin or non-skin based on its chromatic properties. A skin detection
process acts as a preliminary step to a skin segmentation process, where a higher level analysis
of different regional properties of an image are used for a more accurate extraction of actual
skin regions.

At first, this chapter gives a detailed overview of different components of a skin detector.
Section [LTI] gives a detailed discussion about different colour spaces for skin detection, their
advantages and disadvantages. Section reviews different classifiers and their applicability
in skin detection. The standard evaluation procedure is discussed in Section [[L3l A detailed
overview of skin colour modelling algorithms and their extensions to achieve accurate skin
segmentation is presented in Section [L4l This is followed by research motivation in Section

[LA] thesis objectives in Section [LL6l and finally, thesis organization is given in Section [L.7}

TH-2081_126102023 3



1. Introduction

1.1.1 Colour spaces for skin detection

Human skin tone appearance is formed by a combination of red colour of blood and melanin
(brown, yellow). This unique combination makes the human skin to have a limited range of
hues with moderate saturation [34]. Therefore, human skin colour does not scatter randomly in
a given colour space, but cluster in a minimal region of a given colour space. This unique colour
characteristic of human skin makes colour-based skin segmentation very useful. However, the
compactness of the skin coloured clusters is not the same for all the colour spaces. Multiple
colour spaces are investigated in literature for skin detection. The choice of colour spaces affects
the shape of the skin cluster. This eventually affects the detection accuracy. The discussion is

intended to highlight the following points:
e For a given skin patch, the cluster location in a given color space.

e For a given skin patch, the effect of varying illumination on its cluster location in a given

colour space.

e The relation between the clusters, derived from a set of given skin patches belonging to

different people from the same race in a given colour space.

The answers to the above queries can be illustrated using Figures and [[L3. Figure
shows 2D density plots for skin pixels for Asian people for different colour spaces. On the other
hand, Figure [[.3 shows density plots for skin pixels for different races, such as Asian, African

and Caucasian plotted for different colour spaces.

1.1.2 RGB colour space

RGB is the most frequently used colour space for digital images. A colour can be represented
as an additive combination of three primary colours: Red (R), Green (G) and Blue (B). The
RGB colour space can be visualized as a 3-dimensional coordinate space where, R, G, B are the
three mutually orthogonal axes. The major advantage of the RGB space is its availability, as
almost all the visual light image sensors produce images in RGB colour. This makes RGB as
the most primitive colour space in Computer Vision. However, the colour representation is not
segregated into luminance and chrominance components, and all the three colour components

R, G, B are highly correlated to each other. For example, changing the luminance component
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Figure 1.2: Density plots of Asian skin for different color spaces [1]

(average of the three colours) also changes the RGB values of pixels. Therefore, a varying
illumination can affect all the RGB elements of a pixel belonging to a skin patch. This eventually
results in a change of location of the skin cluster in the RGB space. For example, the plots
in the first row of Figure [.2] are obtained from a set of skin pixels belonging to Asian people
under random illumination conditions. The spread of skin-colour cluster in RGB space shows
the effects of illumination change on pixel’s RGB components. On the other hand, skin colour

varies significantly among different races. The primary reason for skin tone variation is due to
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Figure 1.3: Density plots of Asian, African and Caucasian skin for different colour spaces [I]
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1.1 Skin Segmentation

the variations of the amount of melanin present in the skin of people belonging to different races.
For example, African people have more melanin concentration than Caucasian people. Hence, as
shown in the first row of Figure [.3], the skin-colour clusters of different races locate in different
locations in a given colour space. Despite these fundamental limitations, the RGB colour space
is extensively used in skin detection techniques because of its simplicity. For example, Jones
and Rehg [13] used RGB colour space for skin detection, and their experimental results are

treated as a benchmark in the domain of skin detection.

1.1.3 TV colour spaces

In television broadcasting technology, orthogonal colour spaces are used, such as YUV,
YIQ, and YCbCr colour spaces. Out of these colour spaces, YUV is employed in NTSC TV
broadcasting, YUV is used for video encoding and YIQ is used in JPEG image compression and

MPEG video compression. All these colour spaces can be obtained using a linear transformation

of RGB space.

1.1.3.1  YIQ

YIQ colour model is the NTSC standard for analog video transmission. In YIQ colour
model, Y stands for intensity, [ is the in-phase component along the orange-cyan axis, and @ is
the quadrature component along the magenta-green axis. The Y component is decoupled as the

signal has to be made compatible to both monochrome and colour television. The relationship

between the YUV and RGB model is given below [35]:

Y 0.299 0.587  0.114 R
I | =1059 —0274 —0.322 G (1.1)
Q 0.211 —0.523 0.312 B

The YIQ model is designed to take advantage of human visual system’s greater sensitivity to
changes in luminance than to the changes in hue or saturation. Luminance is proportional
to the amount of light perceived by the eye. So, the importance of YIQ model is that the

luminance component of an image can be processed without affecting its colour content.
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1.1.3.2 YCbCr

This is an international standard for studio-quality video. In this, Y is the intensity corre-
sponding to YIQ model while C'b and C'r are so selected that the resulting scheme is efficient
for compression (Less spectral redundancy between Cb and Cr, i.e., coefficient are less corre-
lated). This colour model is derived in such a way that it achieves maximum decorrelation.

The relationship between the YCbCr and RGB model is listed as follows:

Y 16 0.257  0.504  0.098 R
Ch | =128 | + | —0.148 —0.291 0.439 G (1.2)
Cr 128 0.439 —0.368 —0.071 B

Some of the major reasons for using YCbCr colour space in skin segmentation are given as

follows:

e In YCbCr, the luminance component (V) is independent of chromatic components. This
makes the YCbCr colour space suitable for handling the illumination variation problem

in skin detection.

e The skin colour cluster shows more compactness in YCbCr space as compared to other

spaces [4].
e In YCbCr space, skin and non-skin colours show minimum overlap under different illu-
mination conditions [36].

The YCbCr colour space has been frequently used by many researchers in skin colour detection,
such as Chai and Bouzerdoum [37], Phung et al. [38], Mahmoud [39], Basilio et al. [40], just to

mention a few.

1.1.3.3 YUV

The luminance component (Y) is independent of chromatic components U and V' to reduce

the effect of lighting variations. The relationship between the YUV and RGB model is given

below [35]:
Y 0 0.257  0.587 0.114 R
U | =128 | +| —0.147 —0.289 0.436 G (1.3)
1% 128 0.615 —0.515 0.100 B
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1.1 Skin Segmentation

Some of the skin detection methods using YUV colour space are given in [35,41,42].

One of the major advantages of using these colour spaces for skin detection is that the
majority of multimedia content (image/video) are already encoded using one of them. The
ability of these colour spaces in separating the luminance component (Y') from the orthogonal
dominance components (U — V', I — @, Cb — Cr) can help in reducing the effect of varying
illumination conditions on skin colour appearance during skin detection. Skin colours typically
form a compact cluster with an elliptical shape in 2D chromatic spaces as shown in Figure
[L2d,e,f. So, neglecting the luminance component makes a skin detector less susceptible to
illumination variations. From the shapes of the density plots in 2D chrominance spaces, it is
evident that the densities can be easily modelled as a multivariate Gaussian distribution for
a single race. It is also observed from Figure [[3] that the skin colour clusters belonging to
different races show significant overlapping with one another. Hence, skin detectors, which are

based on these colour spaces can perform well irrespective to the races.

1.1.4 Perceptual colour spaces

In skin detection, another type of colour spaces are used, which are termed as perceptual
color space, such as HSI, HSV /HSB, and HSL(HLS). In these colour spaces, colour is represented
using three components Hue (H), Saturation (S), and brightness (I, V/, or L). The main
difference of these colour spaces with TV transmission-based colour spaces, such as YCbCr,
YIQ is that the former colour spaces are obtained by using a non-liner transformation from
RGB space, whereas TV transmission-based colour spaces use linear transformation. One of the
major advantages of using these colour spaces in skin detection is that a skin colour boundary
with respect to H and S can be specified intuitively by a user. The brightness components I,
V or L are independent of chromatic components H and S. Hence, they can be dropped to
reduce the effect of illumination change on skin colour during skin detection. Some of the skin

detection methods which use these colour spaces are given in [43H45].

1.1.5 Colorimetric colour spaces

The luminance-chrominance separation can also be achieved by using International Com-
mission on Illumination (Commission Internationale d Eclairage - CIE) defined colour spaces,

such as CIE-XYZ, CIE-xy, CIE-Lab. The CIE-XYZ colour space was specified in 1920 as one of
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620

00 01 02 03 04 05 06 07 08
X

Figure 1.4: Chromaticity diagram for CIE-xy colour space. The boundary shows the spectral (or
monochromatic) locus with wavelength in nanometres (picture courtesy : WIKIPEDIA)

the primitive mathematically defined colour space. The colour model is based on human visual
perception, and it is used as the foundation for other colorimetric spaces. It can be derived
from the RGB colour space following a linear coordinate transformation. In CIE-XYZ, the Y
component represents the luminance whereas X and Z represent the chromaticity components.
The values of X and Y can be derived by a central projection into the plane X +Y + 7 =1
followed by a projection into the XY plane. This results in a horse-shoe-shaped chromaticity
diagram in CIE-xy plane as shown in Figure [L4l One of the limitations of the CIE-XYZ and
CIE-xy colour spaces is that the differences in colour are not perceived uniformly over the colour
space. The CIE-Lab colour model separates the luminance and chrominance components of a
colour as L and a-b. The density plots in chromatic space a-b for skin colours of different races
are shown in Figure [[3. Only a few of the skin detection methods [46-H49] used CIE colour
spaces on account of computational complexity in the transformation from RGB to CIE colour

spaces.
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1.2 Classifiers for Skin Detection

1.2 Classifiers for Skin Detection

Many researchers have used different classifiers in classifying skin and non-skin pixels, such
as Bayesian classifier, Support Vector Machine (SVM), Artificial Neural Networks (ANN),
decision trees like Random Forest, k-Nearest Neighbour (kNN) etc. A brief discussion about

these classifiers is given below.

1.2.1 Histogram model with Naive Bayes classifier

One of the most frequent used classifier in skin detection is a Naive Bayes Classifier or simply
Bayes Classifier. The Bayes classifier classifies a pixel as skin or non-skin if the a posteriori
probability of a given pixel,

P (Skin|X) >0 (1.4)

where, X is the colour vector for a given pixel and # € [0,1]. Now, from the Bayes law, a
posteriori probability as given in eq. [L.4l can be expressed as,

P(Skin)P(X|Skin)

(Skin)P(X|Skin) + P(Non — skin) P(X|Non — skin) (15)

P (Skin|X) =

where, P(X|Skin) and P(X|Non — skin) are skin and non-skin likelihoods for pixels respec-
tively, and P(Skin) and P(Non — skin) are the corresponding priors. For a given set of skin
and non-skin histograms, the skin and non-skin likelihoods can be obtained as:

P(X|Skin) = S(TX) , P(X|Non — skin) = "(TX)

(1.6)

where, s (X) and n (X) are pixel counts in the colour X-bin of the skin and non-skin histograms,
respectively. Ty and T,, are the total counts in skin and non-skin histograms. Therefore, the

skin prior P(Skin) and the non-skin prior P(Non — skin) can be approximated as:

T

P(Skin) = T o7

, P(Non — skin) = 1 — P(Skin) (1.7)

Some of the state-of-the-art skin detection methods which use Bayes classifier are given in

113,134,137, 50,51]
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1. Introduction

1.2.2 Gaussian classifiers

In recent years, many of the skin detection methods used a Gaussian or a mixture of Gaus-
sians for skin distribution modelling. The major advantage of these parametric models is that

they require less training data for generalization, and thus have lesser storage requirements.

1.2.2.1 Single Gaussian model

Under certain illuminating conditions, the skin colour distribution of different individuals
belonging to a particular race can be modelled by using a multivariate single Gaussian distri-

bution function [52/[53]. The skin-colour distribution is expressed as:

P(X) = ;exp [
(2m)"|Z|

1
%

(X = )= (X - ) (1.8)
where, ;1 and 3 are the mean vector and the covariance matrix respectively; d is the colour
space dimension. The pixel classification is done by comparing the probability P (X) with a
given threshold value. The threshold value can be obtained from the ROC, which is obtained

using a set, of training data.

1.2.2.2 Gaussian mixture model

Human skin colour shows significant chromatic variation among different races. So, multiple
modes can co-exist within the skin colour cluster of different people from different races, and
thus the colour distribution cannot be modelled efficiently using single Gaussian distribution
function [54]. Also, illumination variation causes significant deviation of skin colour appear-
ance. This can generate multiple modes in skin colour distribution, and thus single mode
assumption of skin colour distribution does not hold. Hence, many researchers used Gaussian
mixture models (GMMs) for skin colour distribution modelling to describe complexly shaped
distributions. The skin colour distribution can be modelled by using a Gaussian mixture model

with K number of Gaussian components as:

P(X|W) =D wix P (X[isty) (1.9)
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1.2 Classifiers for Skin Detection

where
1 1

P (X[i) =~ exp | ~3(X = )5 (X - ) (110
ertml L2

In this, the parameters p;, 3;, w; are the mean, the covariance matrix, and the prior probability

weight for the i Gaussian, respectively; U = (¢1,..,%k) is the set of parameter vectors,

where ¥; = {u;, 2;}. All these parameter values except K are obtained by the Estimation-

Maximization (EM) algorithm.

The EM algorithm iteratively finds the maximum likelihood (ML) function:

L% ) = [ P (X ) (1.11)

n=1

Here, X = {X;,.., Xy} is a set of sample vectors X;. The above function is used to estimate
the model parameters, which best describe the distribution of data. The EM algorithm has

two steps, which are:

e Expectation step:

In this step, the expected value of the log-likelihood function is calculated as:
Q (V¥ =E [log L(X; V) X, W] (1.12)

where, U is the parameter set time .

e Maximization step:

In this step, parameters are calculated that maximize the log-likelihood as:
D — arg quleQ (v ‘\If(t)) (1.13)

Subsequently, the parameters of GMM are obtained as:

A (t+1)

, (1.14)

1
N
> PO (i[Xy)

1

N
> X, PO (i|X,)
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S (X, — i) (X, — )T PO (i]X,,)

2§t+1) _ n=1 — ’ (115)
> PO (i|X,)
n=1
1 N
S = L3S POX,) (1.16)
n=1
o P (X, |0”)
PY(|X,) = X, [T0) (1.17)

For proper convergence, a good initial specification of K and other parameters is needed. A
k-Means clustering of the training data can provide the initial parameter values for the EM

algorithm. The skin classification process is same as described for single Gaussian modelling.

1.2.3 Elliptical boundary model

The major limitation of GMMs is that they are computationally expensive. To reduce
the computational burden, Lee and Yoo [55] proposed an “elliptical boundary model” as an
alternative to GMMs. In some restricted situations, it produces performance comparable to that
of GMMs with much lesser computational cost. The elliptical boundary model ® = (X; v, A)

is defined as:

®(X) = [X—¢]' A [X -y (1.18)

where,
w:%ZXi : (1.19)
A= > A== (1.20)

In this, X; is the i** distinctive chrominance vector and f; is the number of samples having
chrominance vector X;; n is the number of distinctive coloured pixels in training data. Here,
n n
N = Zlfz and p = %X:Ifzxz
1= 1=
For classification, the value ® (X) is compared with a threshold . If ® (X) > 6 the corre-

sponding pixel is classified as skin, and non-skin otherwise.
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1.2 Classifiers for Skin Detection

1.2.4 Artificial neural network

An ANN is a biologically inspired statistical learning algorithm for functional approximation,
pattern recognition, and classification. ANNs can be used as a supervised classifier for skin
classification. Training is performed using a set of labelled input skin and non-skin pixels
in a given colour space. The ANN classifies new input patterns within the labelled classes.
In a feed-forward ANN, an iterative weight update is performed through a gradient descent
algorithm, also termed as the back-propagation algorithm. In the training phase, the network
processes its inputs in a feed-forward fashion. Subsequently, resulting outputs are compared
with their expected values, and resultant errors are back-propagated to update the weights
according to their contributions to the overall error. The performance of an ANN is primarily
dependent on two factors — number of hidden layers and number of hidden nodes. Therefore,
an extensive tuning is needed for an ANN to get its optimal performance. In skin detection, the
class conditional distributions for skin and non-skin pixels are learned by the neural networks

during the training. Some of the skin detection methods which use ANN are given in [56-59].

1.2.5 Support vector machine

Some researchers, such as Casiraghi et al. [60], Schettini et al. [6I] used Support Vector
Machine (SVM) classifier [62] for skin classification. SVMs were originally designed for two-
class classification, and thus it is suitable for skin and non-skin classification. If data are
linearly separable, SVM finds a hyperplane which separates two classes with maximum marginal
distance. This method non-linearly maps the input data (if not linearly separable in current
feature space) to some higher dimensional space, where the data can be linearly separated.
This mapping from lower to higher dimensional spaces makes the classification simpler and

more accurate.

1.2.6 Random forest

Tree-based classifiers are popular due to their intuitive appeal and easy training procedures.
Tin Ho [63] introduced a Random Forest architecture. The random forest is a collection of
tree predictors where a random vector governs each of them. The random vector is obtained

by independent sampling of the same distribution for each of the trees [64]. For an object
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classification, each of the trees is fed with an input vector, and the tree gives a “vote” to it for
a class. The majority of votes decides the class of the input vector. Khan et al. [I7] showed

that skin detection can also be possible with the help of a random forest approach.

1.3 Evaluation Procedure

1.3.1 Evaluation metrics

The performance of a skin detection method can be measured based on four primary metrics:
number of truly detected skin pixels (i.e., true positives = T'P); number of truly detected non-
skin pixels (i.e., true positives = T'N); number of falsely detected skin pixels as non-skin pixels
(i.e., false negatives = F'IN); and number of falsely detected non-skin pixels as skin pixels (i.e.,

false positives = F'N). From these values, following measures can be computed:

o Fulse positive rate: 0y, = FPFJF% i.e., the percentage of non-skin pixels falsely classified
as skin [9].
o Fulse negative rate: oy, = % i.e., the percentage of skin pixels falsely classified as
non-skin [9].
o Total detection rate: §; = FPiI;N + F]\I;ivTP [9].
_ TP+TN
o Accuracy = Ny FPIEN [22].

In case of non-binary classification, where a pixel has a skin probability, the false positive
and false negative error rates are calculated based on a threshold. The false negative rate
decreases with high threshold values. However, this increases the false positive rate. These two
errors can be related with the help of a receiver operating characteristics (ROC) curve [65]. The

area under the ROC curve is used as a measure of effectiveness of a skin detection method [66].

1.3.2 Datasets

There are number of skin datasets for skin segmentation. One of the most frequently used
dataset is ECU face and skin detection dataset [65]. The ECU dataset contains 2 sets (each
contains 2000 images) of skin annotated images. The images in ECU dataset are captured

in uncontrolled indoor and outdoor environments. Out of this two sets, one is generally used
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for training, whereas the other is used for validation. Kawulok et al. [9,14,67] introduced
another dataset for skin detection, which is named as hand gesture recognition dataset or HGR
dataset. The HGR dataset contains three sets of skin annotated images, out of which the first
set contains 899 images, while the other two sets contain 85 and 574 images respectively. All
the images in this dataset are captured in an indoor but uncontrolled environments. Images
belonging to the first set (899 images) are captured under non-uniform illumination in the
presence of skin-like background colours for some of the images. The second set contains 85
high resolution images of hand poses captured in an environment similar to the first set. The
third set contains high resolution images of hand poses, captured under varying illumination
condtions in presense of a green/blue background. Apart from these two datasets, another
two datasets namely Cambridge hand gesture dataset [68,169], NUS dataset [70] are used for

validation of the proposed methods.

1.4 Overview of Different Methods of Skin Detection

Most of the existing skin detection methods can be broadly classified according to their ap-
plicabilities and approaches, such as static framework-based methods and dynamic framework-
based methods as shown in Figure [L3l Skin detection methods which use static frameworks
can be used for both images and videos with static environments. Methods which use static
frameworks can be further classified into three groups based on the modelling of skin colour
distribution, such as explicit boundary specification, parametric modelling and non-parametric
modelling. On the other hand, dynamic framework-based methods are used for videos having
dynamic environments, such as varying illumination and dynamic background conditions. A

more detailed discussion on existing skin detection methods is given as below.

1.4.1 Skin detection methods using static framework

Majority of existing skin detection methods use a static framework. This implies that
characteristics of background and illumination do not vary with time. Hence, these type of
skin detection methods are intended for both images and videos for static environments. These
methods either use a global skin detection model or a local skin detection model. Kakumanu et

al. [71] and Kawulok et al. [§] provided comprehensive surveys of different approaches of skin
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[Skin detection]
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specification model model [Dynamic model adaptation]

Figure 1.5: Skin detection methods

colour modelling and classification. Skin segmentation methods can be broadly classified into
three major classes: Ezplicit Boundary Specification, Parametric Modelling-based approach, and

Non-Parametric Modelling-based approach.

1.4.1.1 Explicit boundary specification

Boundary specification for skin colour depends on a set of thresholds and conditions which
could be either defined in the same colour space, (e.g. RGB) or in a transformed colour space,
such as YCbCr, HSV, CIELab etc.

One of the earliest methods of skin detection is proposed by Sobottka and Pitas [43]. They
proposed a skin detection boundary along S and H channels in HSV colour space as S €
[0.23,0.68] and H € [0,50]. Later, Tsekeridou and Pitas proposed a modification 2] to this
method for face region segmentation in an image watermarking system [72]. The corresponding

boundary rule in the HSV colour space is as follows:

(1.21)

Figure [LL6la shows the projection of the above rules onto the RGB colour space. Here, darker
shade shade implies higher density of skin pixels. Solina et al. [3] proposed another set of fixed
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Figure 1.6: Skin colour distributions in different colour planes:
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rules in RGB space for face detection of people having fair complexion as:

(R >95) A (G > 40) A (B > 20)
max(R, G, B) — min(R, G, B) > 15 in uniform daylight illumination (1.22)

IR—G|<15A(R>G)N(R>B)

or,

(R > 220) A (G > 210) A (B > 170)
in flashlight lateral illumination (1.23)

IR—G|<15A(R>G)AN(R> B)

For unknown lighting conditions, a pixel is classified as skin if it satisfies one of the above two
conditions. These rules are illustrated in Figure [L6b in R-G, R-B, G-B and r-g planes. Hsu
et al. [4] proposed a boundary rule based on YCbCr colour space. The authors observed that
the shape of skin tone cluster in Ch-Cr space can be approximated as an elliptical structure
where the cluster location depends on luminance Y. They performed a non-linear modification
to C, and C,. values if Y < 125 or Y > 188. Subsequently, the skin pixel cluster is modelled
as an ellipse in a transformed space Cb'C7’. The equivalent results for skin distribution in
RGB space is shown in Figure [L6lc. Kukharev and Nowosielski proposed another set of skin
detection rules [5] using RGB and YCbCr colour spaces as follows:

(R>G)A(R> B)
{(G=B)A(BR — 12G + TB>0)}V{(G<B)A(BR+7G—12B>0)}  (1.24)
{Cr € (135,180)} A {Cb € (85,135)} A (Y > 80)

The corresponding model representation in RGB and rg space is given in Figure[[.6-d. Cheddad
et al. [6] transformed the normalized RGB colour space into a single-dimensional error signal,
where the skin colour distribution can be modelled as a Gaussian curve [6]. Subsequently,
a pixel is classified as a skin if its 1D equivalent value lies within the two threshold values
determined by the standard deviation of the curve. The skin model is shown in Figure [L.6}e.
Recently, Chen et al. proposed a new RGB subspace for skin detection by subtracting the RGB
values: sR =R — G, sG =G — B, sB = R — B. Subsequently, they proposed a boundary rule
{(—142 < sR < 18) A (—48 < sG < 92) A (=32 < sB < 192)}. The rules are illustrated in
Figure [LG6H. In [73], Shaik et al. compared HSV and YCbCr spaces for skin detection using a
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1.4 Overview of Different Methods of Skin Detection

Table 1.1: Most popular examples of colour spaces used in skin detection: RGB, YCbCr, HSV and
advanced space ER/GH [1§]

Colour

Range of components Restrictions for skin colour
space
R>9ANG>40ANB > 20 A
RGB R, G, B: [0, 255] {max (R,G,B) —min (R,G, B) > 15} A|R — G| >
IBAR>GANR>B
YCbCr Y, Cb, Cr: [0, 255] Y >80ATT < Cb< 12T AN133 < Cr < 173
HSV H: [0°, 360°], S, V: [0, 1] 0°< H<bH0°N01<S5<068N03<V <1
ER/GH R, G: |0, 255], H: [0°, 360°] 13.4224 < EANR/G < 1.7602 A H < 23.89

boundary-based method. In 2015, Sawicki and Miziolek [I8] proposed another set of boundary
rules in CMYK space as follows:

e Before ROC analysis:

(K <205)A(0< C<0.05)A(0.089<Y <1)AOLC/Y <1)A(0.1<Y/M<48)
(1.25)

e After ROC analysis:

(K < 205) A (0 < C < 0.05) A (0.0909 < Y < 0.945) A (0.1 < Y/M < 4.67)  (1.26)

Apart from these simple boundary specifications in different colour spaces, advanced ap-
proaches are also proposed for a more accurate 3D description of skin cluster. For example,
Garcia and Tziritas [74] proposed a skin detection method by utilizing a set of planes in the
YChCr space. Brand and Mason [50] performed a comparative analysis of algorithms in three
colour spaces: RGB, YES and YIQ. In their analysis, parametric thresholds and statistical
functions are used. Thresholding of the R/G ratios is also performed. In [5I], a new colour
space FR/GH is proposed by mixing of colour components. In the pseudo space FR/GH, E
belongs to YES, the R/G ratio is from RGB space, and H is from HSV.

Some of the authors used additional information like texture features to improve skin de-
tection. For example, Wang et al. [75] used gray-level co-occurrence matrix (GLCM) for skin

detection. In this method, a white balancing is performed in YCbCr colour space to minimize
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the effect of uncontrolled illumination conditions. Firstly, the Y components are arranged in
descending order. The minimum value of the top 5% values of the Y component is termed as a
parameter F, and remaining values in the top 5% are set to 255. Similarly, the maximum value
among the bottom 5% values of the Y component is termed as a parameter B, and remaining
values in the bottom 5% are set to 0. Finally, the intermediate Y components are re-calculated

as:
Inf(z,y) —InB

—9
9(w,y) =205 X — e

(1.27)

where, g(x,y) is the white balanced luminance value at location (x,y), and f(z,y) is the original
luminance value before white balancing. The skin colour model is defined by a set of boundary
rules in RGB space. The authors also found that skin distribution in YCgCb space takes circular
shape. Finally, a skin mask is obtained by ANDing two skin models derived from RGB and
YCbCr spaces. Detection performance is further improved by incorporating a texture analysis
into this skin model. Textural features are extracted using the GLCM. For a given gray-scale

image I of size n x m, the GLCM is given by:

o . Lifl(z,y) =iANI(z+ A,y + A) =
T, j) =Y ! (1.28)

=1 y=1 | 0,otherwise,

where, (A,, A,) is the offset between the pixels I(x,y) and I(x + A,,y + A,). The computa-
tional complexity in determining the GLCM depends on the number of grey levels g, and it is
proportional to O(g?)

However, recently published literatures show that the performance of explicit boundary

specification-based methods are not better than the model-based approaches [§].

1.4.1.2 Parametric modelling

In order to improve detection accuracy, some researchers used Parametric Modelling-based
approaches for skin detection. For example, Yang et al. [53] used a single multivariate Gaussian
to model skin colour distribution. But, skin colour distribution possesses multiple co-existing
modes. So, a Gaussian Mixture Model (GMM) ( [54]) is more appropriate than a single Gaussian
function. Selection of the number of Gaussian components (K) in GMM is very important for
proper modelling of pixel distribution. Different researchers used different values of K in their

methods. Yang and Ahuja [76] used two Gaussian components in CIE-Luv colour space to model
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1.4 Overview of Different Methods of Skin Detection

skin colour distribution. In this work, statistical tests are provided to showcase the advantage of
using GMM over SGM for skin colour distribution modelling. Greenspan et al. [77] showed that
GMM-based representation of skin pixel distribution is more robust to environmental changes,
such as colour space changes, highlights and shadows. They also used two Gaussian components
for GMM, and one represents the distribution of skin colour under normal light, while the other
represents the distribution of the more highlighted regions of the skin. Caetano et al. [78] used
two to eight Gaussian components for pixel distribution modelling in ¢ colour space for people
having different skin tones. Lee and Yoo [55] proposed an elliptical modelling-based approach
for skin detection. The elliptical modelling is less computationally complex than the GMM
modelling. However, many true skin pixels may be rejected if the ellipse is small. On the other
hand, if the ellipse is sufficiently large, many non-skin pixels may be detected as skin pixels.
They used six Gaussian components to implement the GMM. On the other hand, Thu et al. [79]
used four Gaussian components. Use of multiple Gaussian enables detection of different parts
of a face which are illuminated differently. Jones and Rehg [13] used two separate GMMs, each
having 16 Gaussian components for skin and non-skin pixel distribution. A skin probability
map (SPM) for an image is derived from the two models using Bayes theorem. The SPM is a
2D array of size equal to the image. An element of the SPM represents a posteriori probability
of a pixel being skin at that location.

The performance of these simple parametric models is limited due to two major factors
— a) apparent change in skin appearance due to uncontrolled illumination conditions, and b)
the presence of skin-like colours in image background. To overcome these problems, different
authors proposed different improvements over simple parametric models for skin detection.
Phung et al. [38] proposed an adaptive scheme to select the optimum threshold for the SPM
by assuming that a skin region to be coherent and homogeneous in texture. Segmentation
accuracy of skin regions can be further improved by incorporating texture analysis in the
parametric modelling framework. Texture features can be extracted by performing texture
analysis in various domains, such as grayscale [75,[80], colour [81], or skin map [82]. In order
to extract texture features, different authors used different feature descriptors. Jiang et al. [83]
proposed a new approach by incorporating texture and space analysis in a standard SPM
framework. An initial skin mask is derived for an image by thresholding the SPM with a low

threshold. Subsequently, textural features are extracted using Gabor wavelets. This gives a
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Figure 1.7: A flowchart showing (a) training and (b) detection processes proposed by Kawulok [9]

)

textural map for the image. The texture map is thresholded based on an assumption that
background regions are coarser than skin regions. This gives a texture mask or a texture filter
which is later combined with the initial skin mask to obtain a more accurate skin mask. This
reduces false acceptance error significantly. Finally, the watershed segmentation is employed
with a set of well-defined region markers to grow skin regions to reduce false rejection error.
H.-M. Sun [84] proposed a local adapation scheme for the Bayesian classifier as proposed by
Jones and Rehg [13]. They generated a local skin model from a set of skin pixels samples from
the image. Finally, the local model is combined with the global or trained model in a weighted
sum approach. P. Ng and C.M. Pun combined 2-D Daubechies wavelets -based texture analysis
with a GMM-based colour model [85]. The 2-D Daubechies wavelets are calculated by using
the sub-images which are centered at each of the pixel locations. Texture feature at each pixel
location is represented by the wavelet energy vector v, which is obtained by applying Shannon
entropy on the wavelet coefficients vector v.. The v, for all the pixel locations are finally
grouped into a set of clusters using k-Means clustering algorithm. Finally, some of the clusters
are marked as non-skin based on their Shanon entropies and eliminated accordingly. Kawulok
et al. 9] used linear discriminative analysis (LDA) to derive discriminative features between
skin and non-skin regions. In this method, LDA projection matrix is derived by using colour
and local texture features from a set of labelled images. The LDA projection matrix depends on
training data. Therefore, LDA gives a projection matrix which ensures best possible inter-class
discrimination.

Another approach follows an use of spatial analysis of skin regions by exploiting the spatial

alignment of skin pixels and their relation with neighbourhood pixels [14],[8086,87]. These
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approaches significantly reduce false positives in detecting the skin regions. In general, all these
spatial analysis-based methods are based on a standard SPM. Ruiz-del-Solar and Verschae [86]
proposed a skin detection method which uses a controlled diffusion. The controlled diffusion
process has two steps: a) extraction of diffusion seeds, and b) actual diffusion process. The
diffusion seeds are extracted by thresholding the SPM with a high threshold. In the diffusion
step, skin regions are grown from the seeds by including the neighborhood pixels which satisfy
a given diffusion criteria. The criteria depends on two factors — a) difference between source
and a test pixel in diffusion domain, and b) SPM value at the test pixel location. Therefore,
this method works well if skin regions have sharp boundaries. A leak in diffusion may occur
if there are smooth transitions between pixels from one region to another. In 2010, Kawulok
proposed an energy-based scheme for skin blob analysis [87]. Pixels with high valued SPM
values are selected as skin seeds. These seed regions are subjected to morphological erosion to
further reduce false acceptance. In this method, seed pixels are assumed to have a maximal
energy, which is likely to be spread over an image. The amount of energy transferred to an
adjacent pixel from a source pixel depends on the skin probability of the adjacent pixel. A pixel
is excluded from skin region if there is no energy left to be passed onto it from a source pixel.
In 2013, M. Kawulok [14] proposed a propagation-based region growing method, which utilises
spatial relationship between the pixels. Kawulok’s method is based on Dijkstra’s minimum
path-cost algorithm [88]. In Kawulok’s method, each pixel is considered as an independent
node and the image is the corresponding graph. In this method, the optimum values of region
growing parameters are selected manually.

There are another class of approaches of skin segmentation, which use some prior information
about the actual skin colour of a person present in an image. In general, human skin colour
does not show significant variations over the body. So, a face detector can be used to detect
the face and extract a set of pixels beloning to facial region. The prior information obtained
from the facial pixels is then utilized to segment out other skin regions of the human body.
A global skin detection model can be locally adapted according to the distribution of facial
skin pixels. Fritsch et al. [89] used face detection to derive a local skin model for skin region
tracking. In 2008, Kawulok [19] proposed a dynamic skin model by using pixel characteristics
of facial regions. The global pixel statistics are fused with the local statsitics of facial skin

pixels. Yogarajah et al. [20] used a dynamic thresholding-based method for skin detection. In

TH-2081_126102023 o5



1. Introduction

Pre-processing 2D Histogram ; GM Results . Fusion Result

';

Smoothing
Histogram

Figure 1.8: Proposed framework by Tan et al. [10]: eye detector, 2-D histogram, Gaussian model,
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this method, a dynamic threshold is obtained from the characteristics of skin pixels extracted
from the facial regions. Tan et al. [10] proposed a fusion-based skin detecion method using face
detection. For this, a smoothed colour histogram and a Gaussian model of skin is fused together.
Kawulok et al. [21] showed that the selection of seeds points using facial pixels can improve
the detection accuracy in a region growing-based skin detection method. Pixels extracted from
the face provide a good estimate of colour distribution of skin regions even in the presence of

skin-like backgrounds and/or poor illumination conditions.

1.4.1.3 Non-parametric modelling

Skin regions can also be detected using non-parametric modelling-based approaches without
deriving any explicit model (e.g., SGM or GMM) for skin colour distribution. The simplest
non-parametric classifier estimates skin colour distribution from a colour histogram derived
from a set of skin pixel samples [90H93]. The major advantage of these approaches is that
they there is no requirement of shape estimation of skin colour distribution. However, these
approaches require a very large amount of training samples to properly model the skin colour

distribution. Therefore, these methods are applicable to a limited range of imaging conditions.
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Cortes and Vapnic showed that Support vector machines (SVMs) can also be used for skin
detection. In general, the number training samples for skin and non-skin pixels usually become
too large to handle by the SVM. Han et al. [25] proposed a skin segmentation method using
active learning based SVM classifier and region information. The SVM active learning is a
well-known approach to deal with large training dataset [94]. In this method, it assumed that
the region information is robust to illumination variations and noise. Each image is divided
into a number of regions. A region is selected as a skin if it satisfies the following criterion,

which is expressed as:

% > 7 (1.29)
where, NS(R;), NT(R;) are the number of skin pixels and the total number of pixels in the
region R;, respectively; n is a pre-defined constant.

A more popular non-parametric approach is the use of back propagation ANNs (BPANNS)
for skin detection [I1,95]. For example, Chen et al. [58] proposed a skin detection algorithm
by using BPANN with genetic optimization. In their work, pixel components in RGB space
are transformed into the normalized RGB space. The r and g components of pixels then fed

into a BPANN made of 2 input neurons, 4 hidden neurons in two hidden layers, and an output

neuron. Each of these neuron’s response is characterised by a logistic sigmoid function given

by:
N *
1 4eo

f(z) (1.30)

where, o is the steepness of the sigmoid curve, = is the weighted sum of the inputs, and f(x)
is the output. The stability and convergence of the ANN depends on the parameter o. So,
they used a genetic algorithm (GA) to optimize the selection of the parameter o. Finally, if
the colour components r, g, b in normalized RGB space satisfy » > g or r > b, then the r and ¢
components are fed into the BPANN classifier. Seow et al. [11] proposed a skin colour model
for face detection, which aims at reducing the effect of skin colour variations among different
people. They used a 3-layered BPANN with the 7, g, b components as inputs as shown in Figure
LI A set of 410 skin samples (each containing a 10 x 10 patch) is collected from skin regions
belonging to different races. Since the sample set cannot represent the entire skin population, a
Multi-Layer Perceptron (MLP) ANN is trained by using a Back Propagation (BP) algorithm for

interpolation of sample set. Finally, a 256 x 256 x 256 colour cube is generated to obtain all the
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possible colour combinations and they are fed into the MLP to extract the skin regions. Yang
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Figure 1.9: Skin detection using ANN proposed by Seow et al. [11]

et al. used ANN along with an adaptive skin modelling to detect skin regions more accurately
in an image as shown in Figure [LT10lIn this method, the luminance component Y of the YChCr
colour space is used for reducing the effects of illumination variations. At first, the Y component
is arranged in descending order, and divided into multiple equidistant intervals. After that,
pixels belonging to same luminance interval are selected, and the corresponding mean and
covariance matrix of the selected pixels in Cb, Cr space are calculated. The luminance mean
of each interval, the covariance and mean in Cb, C'r space are used to train a three layer ANN.

Finally, the output of the ANN is fed to a Gaussian classier for skin classification.

Figure 1.10: Proposed framework by Yang et al. [12].
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1.4 Overview of Different Methods of Skin Detection

1.4.2 Skin detection methods using dynamic architecture

In HCI, detection of human body parts is an important step. However, the task is not so
easy as there are many constraints in locating the skin coloured regions in the videos. One of
the major challenges is the effect of illumination change on skin colour appearance. Varying
illumination can make skin regions appeared to be different from its actual colour. Illumination
variation can occur in two ways - globally and locally. A global illumination variation occurs
when the characteristics of the illuminating source change with time. On the other hand, local
illumination variation occurs when illumination becomes non-uniform over the exposed skin
region regions. One of the major reason behind the non-uniform illumination is the curved
nature of skin surface. This causes the formation of form shadows on the skin surface. Another
reason is the formation of cast shadows produced by one moving body part onto another body
part. In case of directional light sources, amount of illumination on a skin patch also depends
on its orientation with respect to the light source. It is found that the occurrence of local
illumination variation is more frequent as compared to global illumination change for most of
the HCT applications.

In recent years, many research works [9,[16}22,23,106] have been reported on skin detection
under unconstrained environments for images. However, only few research works have dealt with
skin detection in videos under varying illumination conditions. Soriano et al. [97] investigated
the effects of static but non-uniform illumination on skin colour appearance. In their work, a
“skin locus” is introduced to describe a chromatic constraint on skin colour apperance under
non-uniform lighting conditions. However, derivation of such a skin locus requires a calibrated
camera and the face has to be captured for different illuminants. Also, the skin locus is camera
specific, and hence it has to be calculated for every unknown videos. Sigal et al. [98] proposed a
dynamic skin model for varying illumination conditions. In this method, a dynamic histogram
adaption model based on a second order Markov model is proposed. In this method, it is
considered that the illumination changes gradually and globally. Therefore, this approach is
not suitable for local illumination changes owing to their uncertain nature. Habili et al. [99] used
motion information alongwith colour information to detect skin regions in a video. However,
this method assumes that the background does not have skin-like coloured regions. Awad et
al. [100] proposed a fusion-based model for skin detection in videos. However, this method

assumes the absence of any skin-like colours in the background and uniform illumination of
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skin regions. Therefore, under unconstrained illumination and background conditions, the skin
pixels cannot be located perfectly. Also, it requires a set of labelled initial frames to train
a Support Vector Machine (SVM) classifier, and the initial positions of skin-coloured objects
need to be determined. Han et al. [I01] proposed a skin segmentation and tracking algorithm
for sign language recognition by using Support Vector Machine (SVM) active learning. The
training of SVM is done by a set of initial frames. The active learning of SVM makes the
algorithm computationally less expensive. However, the major drawback of this method is its
inability to handle varying illumination conditions. The SVM needs to be re-learned at every
frame to handle the varying illumination conditions. Training of an SVM repeatedly for every
frame is a computationally very expensive process. Liu et al. [102] proposed a dynamic skin
detection algorithm for videos. In this method, a face detection-based model update scheme is
proposed for varying illumination conditions. However, only global illumination variations are
considered, and the method is not suitable for local illumination changes which mostly occur

due to moving body parts.

1.5 Research Motivation

From the brief literature survey presented in this report, it is evident that a significant
amount of work is needed for efficiently detect skin regions in different environmental conditions
in images. Additionally, detecting skin regions in videos in the presence of varying illumination
conditions is another important task. To combine these requirements in one algorithm is a
major challenge. Accordingly, this thesis looks into several aspects using chromatic and textural
informations of skin regions and aims at developing suitable algorithms that take care of some

limitations of the existing methods. The motivations behind this research work are given below:

(i) Typically a chromatic and/or textural discrimination is observed between skin and non-
skin regions of an image. Kawulok et al. [9] used a linear discriminant analysis (LDA)-
based most discriminative feature extraction approach for skin detection. However, ex-
tracted features totally depends on training data. As natural images are in general uncor-
related in a sense that spatial distribution of texel and colours is quite random. Hence,
the discriminative features extracted by the LDA may not be most discriminative fea-

tures for an unknown image. Hence, an image specific discriminative feature extraction
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approach is necessary for the detection of skin regions in an unknown image.

(ii) It is observed that in spite of having colour deviation due to poor or non-uniform illu-
mination, skin regions show more chromatic similarity with actual skin colours than the
non-skin colours. Hence, it is necessary to identify and relate the skin regions, which look
chromatically different due to improper illumination with the help of a set of actual skin

samples obtained globally [I3] or locally [10,21].

(iii) Some of the recent research works [98l102] consider global variation of background illumi-
nation without giving sufficient importance to local illumination variations in the frames
of a video. Local illumination variation may occur in a video due to movement of hands
or other body parts for some of the HCI applications, like gesture recognition. The local
illumination variation changes the chromaticity of the skin regions. A static model-based
skin detection method may not be able to identify the actual skin regions when the il-
lumination changes locally. Therefore, it is necessary to follow an adaptive approach to

update a skin model on the basis of local chromatic deformations of skin regions.

1.6 Objectives

The goal of this research work is to use chromatic and textural information of skin regions
for detecting the skin regions in images and videos. For the detection of skin regions in images,
two approaches can be followed: a) extraction of most discriminant features between skin and
non-skin regions of an image, and b) determination of an image pixel distribution model (IDM)
of an image. In the first approach, the most discriminative features between skin and non-skin
regions need to be extracted from the test image itself. This would make the method more
versatile and robust to scenic changes in images. In the second approach, a local skin model
needs to be derived using the similarity between IDM and a reference skin pixel distribution
model. The reference pixels can be extracted from the facial regions of the people present in the
image. In case of videos, the skin model needs to be adaptive to local skin colour deformations
due to local illumination variations. A skin detection method for an image has a static skin
model, and thus, it may fail to detect skin regions in videos affected by the local illumination
variations. The local illumination changes happen due to the movement of body parts. Hence,

a skin distribution model for moving skin regions needs to derived, and this model can be
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associated with the static skin model. The thesis also aims at additional reduction in detection
errors by a region growing technique. Chapter 1 of the thesis presents a brief literature review
on different skin detection methods in images and videos, motivation and objectives of the

thesis.

1.7 Thesis Organization

This thesis contains five chapters, including the present one.

Chapter 2 describes the proposed scheme for extracting discriminative features between
skin and non-skin regions of an image. For this, a novel discriminative analysis method also
termed as adaptive discriminative analysis (ADA) is proposed, which gives a discriminative
feature space. Subsequently, a discriminative space map (DSM) is derived by using the dis-
criminative feature space. A novel region growing method is also proposed, which grows skin
regions of an image based on chromatic properties of an image. This results additional reduction
in the detection errors.

In Chapter 3, image pixel distribution information is incorporated into a global skin detec-
tion model for a local model adaptation. To obtain a local skin detection model for an image,
a local skin distribution model (LSDM) and a local background distribution model (LBDM)
are needed, which can be derived by measuring similarity between an image pixel distribution
model and a reference skin colour distribution model. The reference skin pixel distribution
model can be derived from a set of skin samples of facial region of a person in an image. Fi-
nally, a novel skin map is obtained by performing a fusion of skin maps obtained from the global
and the local skin detection models. The proposed skin map is termed as fusion-based skin
probability map (FSPM), and finally the proposed dynamic region growing (DRG) algorithm
is applied for additional detection error reduction.

Chapter 4 describes a skin detection method for videos when skin regions undergo chro-
matic appearance changes due to non-uniform illumination. Non-uniform illumination can take
place due to local shading effects, which are associated with the motion of skin regions. The
proposed method has two modules — a static skin detection model, and a dynamic skin de-
tection model. The static model consists of a facial skin distribution model (FSDM) and a

video specific background model. On the other hand, the dynamic model corresponds to a

TH-2081_126102023 39



1.7 Thesis Organization

moving skin-pixel distribution model (MSDM). The MSDM is dynamically updated based on
associated chromatic changes in skin colour.
Finally, we draw our conclusion in Chapter 5 by highlighting the strengths and shortcom-

ings of our schemes and outlining possible extensions.
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Detection of Skin using Image Specific
Discriminative Feature Extraction

Accuracy of colour-based skin segmentation methods are significantly affected by different issues
such as presence of skin-like colours in scene background and uncontrolled illumination condi-
tions. Standard skin probability map (SPM) can not perfectly discriminate skin and non-skin
regions in these conditions. To overcome limitations of SPM, a new probability map termed
as discriminative space map (DSM) is proposed by extracting most discriminative features be-
tween skin and non-skin regions. A novel adaptive discriminative analysis (ADA) is proposed
to extract most discriminant features between skin and non-skin regions from an image itself in
an unsupervised manner. Subsequently, a dynamic region growing (DRG) method is employed
to allow skin regions to grow dynamically. The DRG controls false detection by restricting
the region growing process. Experimental results for standard databases show that the proposed
method can efficiently segment out skin pixels in presence of skin-like background colours and

uncontrolled illumination conditions.
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2. Detection of Skin using Image Specific Discriminative Feature Extraction

2.1 Introduction

In-spite of having several advantages of colour-based skin segmentation, accurate segmenta-
tion of hand or any other body parts is still a big challenge. The accuracy of colour-based skin
detection methods are severely affected by the presence of skin-like colours in the background.
Majority of skin detection algorithms use skin colour as a primary feature. However, use of some
other features like texture information [I03] or depth information [T04[105] along with colour
feature generally improve segmentation accuracy. Zhiwei et al. [83] used Gabor wavelet-based
texture filter, whereas Dumitrescu and Dumitrache [106] used Gray Level Co-occurrence Ma-
trix (GLCM) texture features for skin detection. In all these methods, it is assumed that skin
regions are smoother than background regions. But, the background may have similar textural
smoothness as that of skin regions. In these specific cases, chromatic parameters, such as hue,
saturation may be the discriminative features between skin and non-skin regions. Kawulok et
al. [9)] used linear discriminative analysis (LDA) to derive most discriminative features between
skin and non-skin regions. In this method, LDA projection matrix is derived using colour
and local texture features from a set of labelled images. The LDA projection matrix depends
on training data. Therefore, LDA gives a projection matrix which ensures the best possible
inter-class discrimination. However, natural images do not have any fixed textural or chromatic
pattern. Therefore, it is highly likely that the test image characteristics may be significantly
different from the training images. In these specific cases, derived discriminative feature may
not be the most discriminative for the test images. So, an image specific discriminative feature
extraction method is essential, so that the image specific features can be extracted for discrim-
inant analysis for skin segmentation. Kawulok et. al. [15] also proposed an adaptive scheme
to select seeds to further improve the detection results. Hettiarachchi and Peters [16] showed
that the accuracy of skin detection can be significanly improved using multi-manifold learning.
However, multi-manifold learning-based method uses some pre-selected true skin and skin-like
non-skin samples for training. But, discrimination between true skin and skin-like non-skin pix-
els entirely depends on scene characteristics. The methods proposed in [T0L21,23] extract facial
pixel to generate locally adapted skin model. However, a face must be detected in an image in
order to apply these methods. Most of these methods follow unsupervised or semi-supervised
learning approaches. However, recent trend in computer vision is Convolutional Neural Net-

work (CNN)-based architectures for pixel-wise prediction, such as semantic segmentation using
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fully convolutional networks (FCN) [107]. However, performance of CNNs in complex computer
vision problems, such as pixel-wise classification is limited. The convolutional filters with large
receptive fields in traditional CNNs result in coarse outputs for pixel-wise classification [107].
The result becomes coarser due to the presence of maxpooling layers in CNNs [108]. This results
in smooth boundaries and blob-like structures in segmented images. Also, lack of smoothness
constraint in CNNs may result in spurious regions with poor object outlines in the segmented
images [T09-I11]. Zheng et al. [112] showed that incorporation of conditional random fields
(CRFs) at the final layer of CNN can refine coarse predictions. However, skin detection is a
very subjective problem which depends on image characteristics. A colour (e.g, brown) may
be the skin colour for African people or it may be a background colour for Caucasian people.
Thus, lack of image specific adaptivity in existing semantic segmentation algorithms may limit
their applicability in skin detection.

As mentioned by Kawulok [9], LDA can be used to extract most discriminative features
for skin and non-skin pixels. However, LDA needs a set of labelled training dataset. In skin
colour segmentation problem, some of the training samples belonging to the non-skin regions,
like background regions, look very similar to the actual skin regions, and vice-versa. As the
training samples for two classes (skin and non-skin) are obtained from an image itself, and so,
a few samples corresponding to background and other regions take the identity of samples of
the actual skin colour regions, and vice-versa. So, there will be marginal inter-class overlapping
of samples extracted from an unknown image. Therefore, a feature derived using LDA may
not be most discriminative for an unknown image. To address this issue, a novel adaptive
discriminative analysis (ADA) for skin segmentation is proposed. It is “adaptive” in a sense
that the ADA adapts to inter-class similarity or overlapping samples. Hence, the extracted
feature would be image specific, not generic for all the images. In our approach, two sets of
pixel locations S; and Sy are used for deriving ADA projection vector. The set S; contains
pixel locations that are very likely to be skin, which implies that some of them may look like
skin, but they actually belong to non-skin regions. The other set Sy contains pixel locations
that are mostly non-skin, but a few of them belonging to actual skin regions. Therefore, there
is no labelled training dataset. The proposed ADA assigns class-memberships to each of the
training samples in S7 and S5. Subsequently, a discriminative feature space is extracted from

the given image itself with the help of the proposed ADA. Finally, a discriminative space map
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(DSM) is derived by using the discriminative feature space. In contrary to standard SPM, the
proposed DSM provides better discrimination between skin and non-skin regions of an image.

The skin regions can be detected either by directly thresholding the skin map or DSM [13].
However, direct thresholding of DSM may increase false detection rates when skin colour is
very much similar to background scene colour. Seeded region growing (SRG) of skin regions
is an alternative to direct thresolding of SPMs [I13]. The use of SRG algorithm for image
segmentation has been well investigated in recent years. Adams and Bischof [114] first proposed
the concept of SRG. The major limitation of SRG algorithm is the selection of an appropriate
threshold to judge a similarity condition, which limits its applicability in skin segmentation. If
a very high threshold is selected, then many true skin pixels could be rejected. On the other
hand, false detection will be more for a small threshold. Propagation-based region growing
method as proposed by Kawulok [T4] approximates an image as a graph with the pixels as nodes
within it. Kawulok’s method is based on Dijkstra’s minimum path-cost algorithm [88]. The
region growing method proposed by Kawulok (2013) is not adaptive. The entire region growing
process depends on manually selected parameters. The region growing should be dependent
on scene characteristics of an image. Region growing should be more if the background colour
similarity with the skin colour is less, and vice-versa. To handle these issues, we proposed a
dynamic region growing (DRG) method by employing only few manually selected parameters.

The proposed method is discussed in detail in the Section to follow.

2.2 Proposed Method

Figure mﬁ shows the block diagram of our proposed skin detection method. In the first step
of our proposed method, a discriminative space map (DSM) is derived to enhance the discrimi-
nation between skin and non-skin pixels, and derivation of DSM only requires a discriminative
analysis. In our method, a novel adaptive discriminative analysis (ADA) method is proposed.
ADA requires two sets of pixel locations. The first set contains most of the skin regions, and it
may contain a few ambiguous non-skin regions. Similarly, the second set contains discernible
non skin regions along with a few skin like coloured regions. The projection vector is derived on

the basis of these two indistinct training sets. A generalized training set can not be extracted

!This work is under major revision in Journal of Visual Communication and Image Representation, Elsevier
(Revised paper submitted).
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Figure 2.1: Block diagram of the proposed skin detection algorithm.

from different images due to skin-background colour similarity and non-uniform illumination,
and so, our method relies on extracting image specific training samples for classification. For
this, skin and non-skin sample masks are derived from a given image. These masks give skin
and non-skin sample sets for the proposed ADA. So, ADA can extract a discriminative feature
between skin and non-skin regions. A DSM is obtained by using the discriminative feature and
the largest region in the skin sample mask. Subsequently, a dynamic region growing (DRG)
method using DSM is employed, which gives a cost map. Finally, the skin mask is obtained by
thresholding of the estimated cost map.

2.2.1 Discriminative space map

In order to increase discrimination between skin and non-skin regions, a DSM can be derived
by using SPM and other image features. The novelty of our method is the derivation of image
specific discriminative features using ADA. The proposed ADA is trained with a set of highly
likely skin and non-skin samples derived from the input image itself. Let, S; is a set of pixel
locations which are mostly to be skin, and S, is a set of pixel locations which are mostly to be

non-skin. It is observed that the skin regions possess higher SPM values as compered to the

2This work has been published in Twenty Second National Conference on Communication (NCC), Guwahati,
2016. (Refer item [2in Page 117 for details)
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non-skin regions. So, thresholding the skin probability map with a high threshold value (6;4)
can provide the required set Sy [14]. However, the non-skin regions may have skin-like colours
in some of the instances. In such cases, non-skin pixel locations having high SPM values could
be wrongly included in S;. In our previous work [103], it is shown that the use of texture
information along with Possibilistic Fuzzy C-Means (PFCM) clustering [I15] can improve the
segmentation results. In order to reduce falsely included non-skin pixel locations into S;, PFCM

clustering is employed in our method as follows:

e Divide the SPM into three set of regions as: a) regions with highly likely skin-belonging;
b) ambiguous skin regions; and ¢) regions with highly-likely non-skin belonging. In order
to obtain the three set of regions, we apply Otsu’s multi-thresholding algorithm [IT6] on
SPM. It gives two threshold values (010w, Omign)-

e Let S,y is the initial set of skin-like pixel locations z in an image such that
T &€ {Sold : SPM($) > 9High}7 (2.1)

In some of the cases, S,q may contain skin-colour like non-skin locations due to skin-
background colour similarity. Therefore, the PFCM clustering algorithm is applied on

the set S, to group and discard non-skin pixel locations within it.

e In our method, two types of features are selected for PFCM algorithm, namely — colour
features and texture features. The colour features include luminance values (Y'), chromi-
nance values in YCbCr domain (Cb,Cr), and hue (H). The texture features include
entropy, standard deviation, and maximum-minimum difference. The texture features

are extracted from SPM [9] by using the kernels of sizes 3 x 3.

e The centroid of a cluster derived from PFCM clustering is expressed as:

i(au —l—bt") ;)

v, = i=1,2. (2.2)
> (au?} + bt?j)

J=1
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where,

u; j; =membership value of the j™ pixel in the i cluster
t;; =typicality value of the j pixel in the i cluster
f(x;) =feature vector at j location x;,
N = Total number of input sample f(z;),
a,b = positive constants,

m,n =weighting exponent

Let, the " cluster is denoted by ;. Therefore, final clustering of the input samples is
done as follows:

= () argvinin If(x;) = Vill, k=1,2. (2.3)

Finally two binary images are obtained from these two clusters such that,

1if T; € Q;
0 otherwise

e It is expected that the cluster {2; having most of the true skin pixels should be statistically
more nearer to the global skin pixel distribution model [I17]. The global skin distribution
model is obtained from the training skin samples for derivation of SPM. The global skin

distribution model can be modelled using GMM as:

KSkzn
P(X|Skin) = Z wkm . G km,Ef’”") , (2.5)
where, wSM" is the prior probability weight, Kgi;, is the number of Gaussians used for

GMM, g% is the mean, and 3% covariance matrix of the k& Gaussian G (pj*", L+,
Similarly, the distribution of pixels in RGB domain for the i*" binary image BW; can be

BW £PW) by using a single Gaussian function. We use the notation

represented as ¢ (l%'
G; = G (u4, X;) in the rest of this chapter for simplicity. It is highly likely that the num-
ber of skin pixels are significantly large as compared to non-skin pixels in S,;; in some

of the cases. In those situations, the binary image with mostly non-skin pixels indicate
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higher percentage of pixels belonging to the edges. In some of the cases, skin-like colours
may cover majority of background regions. It is observed that these background regions
also include a significant amount of image boundary pixels. Hence, the binary image

containing true-skin pixels is selected based on following decision rule:

BW, if {N§ > w;h} U {(61 PP < ey - dSFM N (Nf < wTJrh,w)}

BW5 otherwise

BWf@'nal =

(2.6)

where,

' Kskin 7 ry

D (Gfkm, G7") =Bhattacharya distance between GPF™ and GBY

1 in ZSkin ~in EZBW . in
=2 (™" - puEmy" {%} (™™ = ™)

1. |z +227) /2| (2.7)
2 \/‘Egkm‘  |SBW| ’

e; =% of edge pixels in BW; for i =1, 2.
N’ =number of image boundary pixel locations in BW; for i = 1, 2.

(2

w X h =image dimension

e Hence, 5] is obtained as:

Sl = {SL’ . Bmeal(.T) = 1} (28)

Figure shows the block diagram of proposed method for obtaining skin sample set S; for

ADA. Again, the set of non-skin or skin-like pixel locations Sy can be obtained as follows:
Sy = {2 : BWpipa(x) =0} (2.9)

In order to obtain a discriminitive feature space, we need to obtain a suitable tJjrojection

vector to increase inter-class discrimination. In-spite of PFCM-based refinement?, there is

3This work has been already published in IEEE Recent Advances in Intelligent Computational Systems
(RAICS), Trivandrum, 2015 (Refer item [ in Page 117 for details)
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Figure 2.2: Proposed method for obtaining the set S

a possibility that some of the true non-skin pixels are included in S;. On the otherhand,
some of the true skin pixels may be included in S, due to their higher similarity to non-
skin regions. These wrongly included pixels act as outliers in their respective sets. So, a
membership assignment method is proposed for each of the samples in their respective clusters.
The membership values are calculated in such a manner that the membership of the outliers in
their respective clusters become very small. In our approach, membership value of a sample is
calculated using its mean intra-cluster distance and mean inter-cluster distance. The proposed
ADA algorithm is described as follows:

Consider the pixel locations 1 € S; and the pixel locations z5; € S, where k = 1,.., Ny,
and [ = 1,..,N,. Here, N; and N, are the number of samples in S; and S;, respectively.

Therefore, membership values for the pixels are obtained by:

No
> d (21, T2y)
=1

Ny —1
AL
1,k N, N
>, ATk Tiw)
W =1 K4k
. (2.10)
d
R :N2 1 /;1 (372,17 56’1,k)
2.1 N,

Na
Y. d(way,wap)
V=111

where,
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d(wig, w50) =[f(win) — £(250)] S5 [F(@in) — £(a)], for i, j = 1,2V,

(2.11)
3}; =Covaraince matrix of samples in S;, j =1, 2.
The mean vectors of two classes are given by:
N1 N2
> Avg - £ (371k) > Ay - £ (372,1)
py == N and py = = ~; (2.12)
Z )\l,k Z )\271
k=1 =1
The within-class scatter matrix is obtained by:
N1 ’ N2 /
Yo Ak (F(ze) —pn) - (€ (eeg) — ) D0 Aag - (£ (m20) — pa) - (£ (221) — p2)
Sw = = + = (2.13)

Ny No
> Ak > Aoy
=1 =1

where, f (o) is the feature vector. The feature vector for ADA comprises of texture features
(entropy, standard deviation, maximum-minimum difference) and colour features (SPM, Cb-Cr
components and H values). The texture features are derived from SPM by using the kernels of

sizes 3 x 3, 7 x 7, and 11 x 11. Therefore, the between-class scatter matrix is given by:

Sb = (1 — p2) (1 — p12)’ (2.14)

The optimal ADA projection vector Z for the input samples is obtained as the eigenvector
of the matrix Sb_lsw corresponding to its highest eigenvalue. It is observed that the largest
region (LR) in BW/;,q corresponds to true skin regions in most of the instances. Hence, the

discriminative space map of an image is given by:
DSM(z) = |Z' - (£(z) — )] (2.15)

where, prr is the centroid of the largest region in BW;,, in feature space.

To show the effectiveness of our proposed method, discriminative maps obtained by Kawu-
lok’s method [9], and the proposed DSM are compared as shown in Figure[2Z3l From the results
of this analysis, it is clearly observed that Kawulok’s discriminative map is not adaptive to the

changes in the scene characteristics. On the other hand, there is no need of labelled training

TH-2081_126102023 44



2.2 Proposed Method

IE dﬂﬂlﬂiﬂ
n-nnn"m

RIS I
(d) -

Figure 2.3: Experimental results showing discrimination between skin and non-skin pixels: a) Original
image, b) DSPF [9], ¢) Proposed Discriminative Space Map (DSM), and d) Ground-truth Results. The
red coloured boxes show the specific regions where our proposed method gives comparatively better
segmentation results.

samples to obtain our proposed DSM. In our method, the test image itself is used to derive the
projection matrix, and hence, discrimination is more and it is adaptive to scene changes.

The final skin mask for a given image can be easily obtained by direct thresholding of
the DSM with a suitable threshold. However, direct thresholding may consider some non-
skin regions with comparatively higher DSM values as skin. This increases the chance of false
positive error. Therefore, a seeded dynamic region growing (DRG) method with dynamically
controlled region expansion is used. The DRG significantly reduces false positive errors. The

detailed discussion on DRG is given in the next section.

2.2.2 Dynamic region growing

In this work, a novel dynamic region growing (DRG) method is proposed, which shows
improvement over the existing method [I18]. In the proposed DSM, a lower value of DSM (z)
corresponds to a higher probability of obtaining skin coloured pixels. For region growing, a set

of seed pixels are needed to be extracted from the DSM. To obtain the seed pixels, the DSM
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needs to be inverted. The inverted DSM is obtained as:

DS Myax — DSM ()
DS Myax

DSM(z) < (2.16)

where, DS M., is the DSM maximum. In order to get more discrimination between skin and
skin-like non-skin regions, locations {z : SPM(z) < 0.1} are discarded during calculation of
DSM,,.« and the inverted DSM.

The seed pixels for DRG is obtained by thresholding the DSM with a threshold P; [9,23].
As described by Kawulok [14], the local cost to reach a non-visited pixel = depends on two
factors: a) cost incurred in the colour domain, and b) cost incurred in the DSM domain. So,
the local cost at pixel location x is given by:

i) = Ci(z) - Cp(z) for DSM(x) > Py, (2.17)

oo otherwise
where, P, is the limiting value of the DSM. In equation (ZI7), C;(x) is the local cost in colour
space and C,(x) is the local cost in DSM space. It is observed that the skin regions are more
dicriminative in chromatic domain than in luminance domain. So, Y, Cb, and Cr components
of pixels are chosen for Cj(z) calculation. Therefore, the local cost in colour domain at the

pixel location ¢; in the path i.e. Cr(g;) is given by:

Cr(g) = 5 IY(@) = Y(@i-1)| +1Cb(q:) = Cbgi1)| + |Cr(a:) — Crlgi-)], (2.18)

Wl

The local cost in DSM domain should be less sensitive to smaller values of P(g;). On the other
hand, the cost function C,(x) should increase the cost more aggressively for higher values of

P(q;). Therefore, the local cost in the DSM domain is expressed as:
Cplas) = (1+ A, +A2) B (2.19)

where, A, = Ps — P(q;).
The parameter P, controls growth of the regions. Therefore, the detection error is sig-
nificantly dependent on the value of Py,. The value of Py, can be selected manually [14] or

adaptively [118]. Adaptive selection of Py can improve detection result significantly [118].
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Figure 2.4: Illustration of skin chroma entropy as a measure of possible false acceptance error: a)
Original image, and b) image pixels with DSM (y) > P, and associated E; values.

(Ergo = 0.079403) (Eygp = 0.39927)

Hence, a method is proposed to automatically determine P,;,. Our proposed method to deter-
mine P, and P, are discussed in the next paragraph.

First, the DSM is divided into three parts using Otsu’s multi-thresholding algorithm [116].
Subsequently, we obtained two thresholds (P, P;). The regions in DSM with DSM(z) > P,
are highly likely to be skin only if the colour similarity between skin and the background is not
so prominent. On the other hand, the regions in DSM with DSM (z) < P, are highly likely to
be non-skin. Hence, the value of P, should be in the range of [P}, P,]. However in uncontrolled
environments, background regions could be chromatically and texturally similar, and for such
cases, DSM even can not perfectly discriminate skin and non-skin regions. Therefore, P,
should be in the range of [P}, Ps]. The thresholds P; and Py, play a significant role in regulating
detection errors. If both of them are very low, the false acceptance increases in presence of skin
like background colours. On the otherhand, if both of them are too high, false rejection could be
high if skin regions are not uniformly illuminated. A parameter termed as skin-chroma entropy
(E.) for a given colour space ¢, is employed to characterize the thresholds (see Figure 2.4)).
The skin-chroma entropy is calculated for RGB colour space, and it is denoted as E,. The
parameter I, can be obtained as:

> 1x(y) log (nﬁ—if))

YyeY

Ny - log(255°)

E, = (2.20)

4This work is published in International Conference on Wireless Communications, Signal Processing and
Networking (WiSPNET), Chennai, 2016. (Refer item [B]in Page 117 for details)
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where,

ye{Y:DSM(y) > B} (2.21)

Here, nx(,) is the number of count of colour vector X(y) and Ny is the total number of pixel

locations in Y. We express the threshold P, as a function of F, as:
Ps - Ph + Es ' (Ps,max - Ph) eliES (222)

where, P; . is the maximum allowable value of F;.

Subsequently, the parameter P, can also be expressed as a function of F; as:
Py, = PyeP0=F) L p (2.23)

where,

Py=(P,— P) E, (2.24)

The parameter 5 controls the rate of increment of Py, with respect to Es. From eq. (222) and

223) it is clear that,

Ps ~ Ph
for E,~0 , (2.25)
Py, = P,
and
PS ~ PS max
’ for By ~ 1 (2.26)

Pth ~ Ps,max
Finally, the path costs for all the pixel locations x are calculated and expressed as a cost map

for the image as,

n

C(x) :Z Cr (g1 — @)
i=1 (2.27)

=Ci(z) + C(gn1)

The final skin mask is obtained by thresholding the cost map C(x) with a threshold 6y,.
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2.3 Experimental Results

2.3.1 Experimental setup

For validation of our proposed method, two datasets namely HGR. [9,14.[67], and ECU [65]
are used. The HGR dataset contains 899 images taken under controlled illumination conditions.
The ECU dataset has two parts, each containing 2000 images. These images are captured in
uncontrolled natural environments. Out of two parts of ECU dataset, one part (2000 images)
is used for GMM training to get the SPM. The HGR dataset and the remaining part of ECU
dataset are used for experimental validation of the proposed method. For the PFCM, we choose
the parameters, such as a, b, m, n according to [I15] asa = 1,b =1, m = 2, and n = 2. We select
P ez = 0.9 judiciously for both of the datasets. Rest of the parameters except 3 are generic,
and they are derived along the course of the process. In practical scenario, region growing may
not stop for smooth regions with skin-like colour. Therefore, the maximum cost incurred should
be bounded by some value 7. After a large number of experiments, the parameter 7 is fixed at
40.

In this experimental validation process, four measures are selected for evaluation, namely
- detection accuracy (Acc.), false positive error rate (d¢,), false negative error rate (d¢,), total
detection error rate(d;), where &, = 5, + 0sp. All the detection error values are obtained by
thresholding the cost map with a threshold 6;,. Here, 6;;, corresponds to minimum ;.

To derive the optimum value of 3, detection errors are calculated for different values of (8
for both of the datasets. Figure shows the variations of §; with £ in different datasets. It
is evident that at § ~ 0 the error §; becomes minimum for both the datasets. This reduces the
eq. (Z23) into,

Paw~E,-(P,—P)+P, (2.28)

2.3.2 Experimental validation

In our first analysis, performance of our proposed ADA is compared with the classical LDA.
For this, DSMs are derived for images by replacing ADA with the traditional LDA in our
proposed method. The comparative results are given in Table 21l From the results shown in
Table2.1] it is evident that ADA gives better inter-class discrimination than LDA for inter-class

overlapping.
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Figure 2.5: Variation of ¢; with f in different datasets

Table 2.1: Comparison between LDA and ADA in discriminative feature extraction

HGR database ECU database
Method Op  Ofn O Acc. Opp  Ofn 0 Acc.
(%) (%) (%) (%) (%) (%)
SPM + direct threshold 5.47 5.15 10.62 0.9470 15.14 9.48 24.62 0.8803
DSM using LDA + direct threshold 1.78 5.15 6.93 0.9657 9.56 7.69 17.25 0.9051

DSM using ADA + direct threshold 1.21 4.53 5.74 0.9783 8.60 7.84 16.44 0.9128

In our second analysis, we investigated the overall improvement in skin detection due to the
introduction of ADA. For that, detection errors are directly computed for the skin mask BW
after PFCM, and compared with that produced from thresholded DSMs. The comparative
analysis is given in Table for different datasets. From the results given in Table 2.2] it is
observed that the mask BWy;,, captures many true skin regions with very less false acceptance
error. However, it fails to detect all the skin regions due to colour variations on account of non-
uniform illumination as shown in Figure This problem is somewhat resolved with the help
of DSM, which relies on ADA. From Figure 2.6, it is visible that DSM can successfully identify
more true skin regions as compared to BW tipq.

The test results for some sample images taken from both HGR and ECU datasets are shown

in Figure 2.7 and Figure2.8] Tt is observed that the proposed algorithm is able to extract a skin
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Figure 2.6: Intermediate test results for some sample images selected from HGR and ECU datasets.
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Figure 2.7: Test results for some sample images selected from HGR dataset.

Table 2.2: Comparison of skin detection between BWp;,, and thresholded DSM
ECU database

HGR database

Method Op  On 01 Acc. Orp On 0 Acc.
(0) (%) (%) (%) (%) (%)

BWinal 0.02 46.55 46.57 0.9007 3.38 27.28 30.66 0.9158

DSM -+ direct threshold 1.21 453 574 0.9783 8.60 7.84 16.44 0.9128
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Figure 2.8: Test results for some sample images selected from ECU dataset.
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map which is quite robust to different scenic changes in the images. Figure 2.8 also shows that
the proposed skin map is not biased towards any racial skin tone. The accuracies of the methods
which directly use SPM as a discriminative map for skin and non-skin pixels significantly
depend on SPM’s performance in detecting true skin regions. An SPM’s discriminative ability
depends on the quality of the training samples. Therefore, its performance degrades in poor
illumination conditions or presence of skin-like coloured regions in the backgrounds. However,
the proposed method adapts to local image characteristics, and it gives a more image specific
discriminative map (DSM). From Figure 29 it is clear that the DSM is able to identify skin
regions comparatively more accurately than the SPM under uneven illumination conditions.
Finally, the proposed segmentation method is compared with a number of well known state-
of-the-art methods as given in Table 2.3l The performance of other methods are directly ob-
tained from the results shown by Hettiarachchi and Peters [16] and Xu et al. [I19]. It is evident
from the results shown in Table 2.3] that the incorporation of DSM in our method significantly
reduces overall detection error rates. The DSPF-based method outperforms Bayes method [13],
FPSS [14], FNT [119] and SASC [22] for both HGR dataset and ECU dataset. In Kawlauk’s
method [9], discriminative features are extracted by LDA. However, the discriminative feature
derived from LDA may not be the most discriminative for all the test images. This is due to the
fact that the LDA tries to find out most discriminative features from the training sample sets,
and the training sets of LDA are taken from the randomly selected skin and non-skin samples.
If most of the training samples for two classes are well discriminated on account of texture
features, then the projection vector will align in a direction for which texture discrimination is
more. The same is also true for colour feature. Kawulok et al. also proposed a self-adaptive
seed selection (SASS) region growing algorithm [15]. In this method, seed pixels derived from
DSPF are used, and a local skin model is derived from these pixels. The SASS method per-
forms better than DSPF for ECU dataset, whereas DSPF method performs better than SASS
for HGR dataset. In the HGR dataset, there are many images where background and skin
regions are chromatically very similar. In these cases, derivation of a reference pixel set by
the expansion of seed regions may result in inclusion of some non-skin pixels into the reference
pixel set. So, the chance of false positive error increases. In contrast to HGR dataset, the skin
and the non-skin regions are chromatically less similar in most of the images of ECU dataset.

In these cases, a local skin model derived from the reference pixels gives better skin detection
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Figure 2.9: Test results for some sample images under varying illumination conditions
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accuracy. The MMSC algorithm [I6] outperforms all the previously mentioned methods for
both the datasets. However, the MMSC-based method is not adaptive to the changes of scene
characteristics. The ASSC algorithm [21] used face for localising seed points. Therefore, the
ASSC method outperforms methods which do not use face detection for localising reference
skin pixels. However, this method relies on standard SPM for region growing. Only seeds are
extracted from a local skin model derived from facial pixels. The stacked auto encoder-based
skin classification (SASC) method [22] uses a deep network comprising 3-stage autoencoder
layer followed by a softmax layer. Each of the three autoencoders has 200 hidden neurons.
The proposed DSM-based skin detection algorithm outperforms all the previously mentioned
methods. To test the efficacy of DRG, cost maps are derived from SPM using the proposed
DRG algorithm. The DRG algorithm outperforms FPSS algorithm for both the datasets. ROC
plots for different methods for both HGR and ECU datasets are shown in Figure 2ZTOH2.TT1

HGR dataset

L} ~ T T

9 T ‘“ﬂ T

Oy (%)

Figure 2.10: Comparative ROC curves HGR dataset

In general, the total area corresponding to the skin coloured regions is somewhat less than the
non-skin regions. So, a skin detection method needs to produce less false acceptance error than
false rejection error. It is evident from the ROC curves that the optimum operating region of
the proposed method is located at a region in the plots for d7, < dy,,. In Figure[2.12] test results
of different methods are qualitatively compared with the results of our proposed method. For

this, a set of sample images are selected from HGR and ECU dataset. From Figure 2.12] it is
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Figure 2.11: Comparative ROC curves ECU dataset

Table 2.3: Comparative analysis of different segmentation methods for HGR and ECU dataset

HGR dataset ECU dataset

Metlwt f%’) E{% 5o (%) Acc. f%)) f% 5. (%) Ace.

Bayes classifier! 5.47 5.15 10.62 0.9470 15.14 9.48 24.62 0.8803
SASC? 4.00 20.00 24.00 0.9300 10.00 21.40 31.40 0.8800
FPSS? 3.46 5.72 9.18 0.9536 15.05 7.31 22.35 0.8924
FNT*1 = F = - 9.96 12.86 22.82 0.9053
DSPF? 2.24 4.34 6.58 0.9668 9.31 9.10 18.41 0.9080
SASSS 3.16 4.57 7.72 0.9611 9.53 7.16 16.68 0.9175
MMSC” 1.66 4.41 6.07 0.9692 4.45 11.43 15.74 0.9177
ASSC® - - - - 8.41 5.88 14.30 0.9184
SPM + DRG 2.71 5.37 8.03 0.9680 6.60 8.61 15.21 0.9291
DSM + DRG 0.98 4.63 5.61 0.9818 6.37 6.56 12.93 0.9310

!Bayes classifier [13]

2Stacked Autoencoders-based skin classification (SASC) [22]
3Fast proppagation-based skin segmentation (FPSS) [14]
4Flexible neural tree (FNT) [119]

®Discreminative Skin-Presence Feature (DSPF) [9]
6Self-adaptive seed selection (SASS) [15]

"Multi manifold-based skin classification (MMSC) [16]

8 Adaptive seed-based skin classification (ASSC) [21]

TResult is unavailable for HGR dataset .

visible that the proposed skin detection algorithm is capable of segmenting out skin coloured

regions more effectively than the state-of-the-art methods even if there is a skin-background
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Figure 2.12: Comparative demonstration of skin maps of some sample images: a) Original image, b)
Bayes classifier [13], ¢) FASS [14], d) DSPF [9], e) SASS [15], f) MMSC [16], and g) Proposed DSM.

colour similarity.

2.4 Summary

In our proposed skin segmentation method, discrimination between skin and non-skin pixels
are enhanced with the help of Adaptive Discriminant Analysis (ADA). The proposed ADA

adapts to scene characteristics and extracts image specific discriminant feature for skin and
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SPM DSM  Cost map Image SPM DSM  Cost map
(inverted) (inverted)

Figure 2.13: Unsatisfactory cost maps for some sample images selected from ECU dataset.

non-skin pixels. Additionally, a dynamic region growing (DRG) method is employed in our
method. The DRG allows skin regions to grow dynamically based on a feedback input in
the form of false detection. The main advantage of our proposed method is that the most
discriminant features are extracted from an image itself, and hence, our method is suitable for
different backgrounds. However in some of the instances, skin regions have altogether different
colour characteristics due to poor lighting conditions and/or coloured light sources. In these
specific situations, SPM fails to identify the skin pixels. Also, the proposed ADA may fail to
accurately detect skin regions when the non-skin regions have almost similar colour and texture
characteristics as that of skin regions. Figure shows some of such cases where the proposed

method does not produce satisfactory results.
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Detection of Skin using Image Pixel
Distribution Information

The previous method can not perfectly handle non-uniform illumination as improper illumi-
nation makes skin regions to appear darker than its actual tone. Also, the derivation of an
accurate discriminative space map of an image is possible only if the largest skin-like coloured
region in an image belong to skin. To overcome these limitations of the previous method, a new
skin detection method is proposed which is based on a local skin model adaption scheme by utiliz-
ing image pizel distribution information. The distribution image pizels in a given colour space
is approzimated by a Gaussian mizture model (GMM), which is termed as image distribution
model (IDM). In this method, a local skin distribution model (LSDM) and a local background
distribution model (LBDM )are derived by finding the similarities of the Gaussian components
of IDM to a given reference skin distribution model. The reference skin model is derived from a
set of facial skin pizels, and it is termed as facial skin distribution model (FSDM). Subsequently,
a local skin probability map (LSPM) is derived by using the LSDM and the LBDM. Finally,
the LSPM is fused with a skin probability map obtained from a global skin model by following
a fusion rule, and a fusion-based skin probability map (FSPM) is derived. The proposed DRG
algorithm in Chapter 2 is applied on the FSPM for additional reduction in detection errors.
Ezxperimental results show that the proposed FSPM can better discriminate skin regions from

non-skin regions as compared to the state-of-the-art methods.
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3.1 Introduction

The accuracy of colour-based skin segmentation algorithms are limited due to the presence of
some colours in the background, which are similar to human skin colour, and poor illumination
conditions. Skin like-colours in the background increases false positive detection. On the other
hand, poor illumination may altogether change the chrominance properties of the actual skin
colours, and the actual skin colour will be different from the image colour. Many authors
like [99,[120H122] converted the colour space from RGB space to another space, dropped the
luminance component, and used only the chrominance components in order to compensate
the brightness variations in the image. However, Storring et al. [123] showed that the skin
reflectance locus and the illuminant locus are directly related. This means that the perceived
colour depends on scene illumination.

To overcome these problems, many researchers proposed local adaptation schemes for a
global skin detection model by utilizing local chromatic and/or textural informations. It is
observed that facial skin colour resembles the overall skin tone of a person. Motivated by this
fact, some researchers extracted pixels of the facial regions in and image and used them as
a reference skin tone for local adaptation of the global skin detection model. For example,
Kawulok et al. [I9] proposed a dynamic skin model, where the global pixel statistics are fused
with local statsitics of facial skin pixels. Yogarajah et al. [20] proposed a dynamic thresholding-
based pproach by using chromatic properties of facial skin pixels. Tan et al. [10] fused a
smoothed colour histogram and a Gaussian skin model with the help of facial skin pixels as
reference. Kawulok et al. [2I] used a local skin distribution model derived from facial skin
pixels to obtain seed regions for their propagation-based skin segmentation method. However,
skin appearance over a body changes on account of non-uniform illuminations. Therefore, a
skin model obtained only from the facial skin pixels cannot generalize the overall skin colour
distribution of a person due to insufficient training skin samples.

In view of the above-mentioned issues relating to accurate skin region detection, a novel
skin detection algorithm is proposed by utilising the information of the distribution of image
pixels. We considered the principle that an image can be clustered into a number of Gaussian
distributed clusters [124]. So, the pixel distribution can be modelled as a mixture of Gaussian
functions. The image pixel distribution model is termed as image distribution model (IDM). So,

the Gaussian distributed clusters of skin pixels should be statistically closer to a reference skin
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pixel distribution in a given colour space. The reference skin pixel cluster could be either ob-
tained from a skin model derived from a set of skin patches belonging to different people or from
the facial pixels of a person present in the image. Subsequently, a new Local Skin Probability
Map (LSPM) is derived by measuring the similarity between IDM and the reference skin pixel
distribution model. Finally, a fusion-based probability map is derived by combining a global
skin probability map (GSPM) with the proposed LSPM. Subsequently, a the proposed dynamic
region growing (DRG) method is applied in order to improve the segmentation accuracy. The

proposed method is discussed in details in the section to follow.

3.2 Proposed Method

In our proposed method, the image pixel distribution model is coupled with some reference
skin pixels to capture the variations of local skin colours. The local skin detection model is then
fused with a skin detection model derived from some globally obtained samples. Performance-
wise, a fusion-based model can give more accuracy as compared to either global or local skin
models. The proposed skin segmentation algorithm has mainly four basic steps, and all these

steps are described in the following sections.

3.2.1 Global skin probability map

To derive a skin probability map (SPM), two sets of training samples — one for skin and an-
other for non-skin class are required. The training samples are obtained from a set of randomly
selected images from a standard dataset. That is why these samples are termed as “global”
samples, and the corresponding SPM is termed as “Global Skin Probability Map” (GSPM).
Derivation of GSPM involves derivation of two global likelihood functions (GLFs) for skin and
non-skin pixels. The GLFs are obtained through training of two GMMs of the samples of Skin
(S) and Non-skin (NS) pixels. The GLF of skin pixels can be modelled using GMM as:

Kys

P(X|S) =) wi"N (uf", =) | (3.1)
i=1

where, w{” is the prior probability weight, K, is the number of Gaussians used for GMM, pf*

is the mean, and XY° covariance matrix of the i"* Gaussian G; (¢?°, £¢°). In this expression, X
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is the colour component vector. In this thesis, this model is termed as global skin distribution

model (GSDM), which is expressed as,
G = P(X]9), (3.2)

Similarly, the GLF for non-skin pixels is given as:

P(X|NS) = ngbN(Mk,ng) , (3.3)

where, K, is the number of Gaussians in the non-skin GMM. In this thesis, this model is

termed as global background distribution model (GBDM), which is expressed as,
G = P(X|NS), (3.4)

The Global skin probability map (GSPM) of an image is given by:

P(S)P(X]S5)

GSPM(X) = P(S)P(X|S) + P(NS)P(X|NS)

(3.5)

where, P(X|S) and P(X|NS) are the Skin (S) and Non-skin (NS) likelihoods respectively.
P(S) and P(NS) are skin and non-skin priors calculated from the training skin and non-skin

pixels.

3.2.2 Image pixel distribution model

Image pixel distribution gives an insight of an image characteristics. We assume that pixels
of an image group into multiple overlapped Gaussian distributed clusters. So, the pixel distri-
bution h(X) of an image can be modelled as a mixture of Gaussians with maximum number
of components K,,,,. Here, X = [R, G,B] is the colour vector. Initialization of the GMM
is done with the help of k-means algorithm, and the cluster means (u') are obtained. The
covariance matrices (X!) for all the Guassians are assumed to be identity matrices. Also, the
prior Gaussian weights (w’)) are assumed to be equal. Therefore, we can model the image pixel
distribution as:

h(X) =G(p', = W) (3.6)
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Algorithm 1: Proposed EM-algorithm
Data: X; where,i=1,..,M x N
Result: p/, 27 w! K;
Initialize: p!, X7, w!
Set: Maximum number of iterations iter,, ..
Set: K = Kooz
for 1 <i < iter;.. do
E-Step:
Compute the membership weights wé
M-Step:
Compute the parameters pf, 27, w!
for 1 <k < K do
if 1 = singular then
Drop the k" Gaussian
K<K-1
K=K
else
| Do not update K;
end

end

end
return p/, 2 w! K;

However in some of the instances, modelling of the pixel distribution of an image using GMM
not be suitable due to the occurrence of ill-conditioned co-variance matrices of some clusters.
These clusters may have significantly less number of samples. To address this application
specific issue, the M-step of the EM-algorithm for GMM is modified to suit our purpose.
For this, a singularity check of the co-variance matrices is performed at each of the iteration
in the M-step. We performed the singularity check with the help of Statistics and Machine
Learning Toolbox of Matlab®. If the co-variance matrix fails the singularity check, then the
corresponding Gaussian component is dropped from the mixture. After the convergence of EM
algorithm, the final value of Gaussian components K7 is obtained. Hence, the IDM is given as:

Ki

h(X) = 3 WIN (L 5E) (3.7)

3.2.3 Fusion-based skin probability map

This step has two parts — a) Derivation of a local skin and background distribution model,

and b) Fusion of a local skin probability map (LSPM) derived from these local distribution
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Figure 3.1: Tllustration of GMM modelling of image pixel distribution: a) Original image, b) Image
pixel distribution model.

models with the GSPM. The derivation of a local skin distribution model (LSDM) and a local
background distribution model (LBDM) requires a reference skin colour distribution model.
For this, we follow two approaches — a) selection of GSDM as the reference skin distribution
model, and b) derivation of local skin distribution model from a set of pixels belonging to the

facial region(s) of the person(s) present in an image. The detailed analysis is given below.

3.2.3.1 FSPM derivation by using GSDM

In this approach, an LSDM and an LBDM are derived from the IDM by measuring its
similarity with the GSDM as shown in Figure 3.2l It is observed that the clusters of IDM,
which have skin pixels, are statistically closer to the GSDM. Therefore, The inverse of the
inter-cluster distance between the IDM and the GSDM can be used as a skin similarity index
for the Gaussian components of IDM. The inverse function is more sensitive to the distance
changes in lower distance range as compared to higher distance range. On the other hand, the
logarithm function is less sensitive to the variation of argument in a higher range as compared to
a lower range. So, taking the logarithm of the distance values gives a non-skin similarity index,
which shows approximately complementary variation in the skin similarity index variation.

Therefore, the skin similarity index (d§!) and the non-skin similarity index (d%;) of the i
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Figure 3.2: Similarity match between GSDM and IDM.

Gaussian component G! are expressed as:

gGL { min {D(Gf,Ggs)}}_l (3.8)

St 1< <Kgs

1<j<Kys

A3 = log [1 + min {D(G],G¥) }]

where,
(3.9)

s ! s\ —1 s
D (G GF) = (i = n5) - (BF) - (i = ui)
Here, the superscript GI denotes similarity between GSDM and IDM. An LSDM (hg) should

highlight the skin pixel probability, whereas the LBDM (hyg) should highlight non-skin pixel

probability. Hence, the local distribution models for skin and non-skin pixels of an image are

expressed as:

Ki
hs(X) =) XN (u], )
=1

- , (3.10)
hs(X) =Y AN (uf, 3]
i=1
where,
dg; dns;
S _ S,i NS __ NS,i
Z dS,i Z dNSJ
i=1 i=1
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Therefore, Local SPM (LSPM) of an image is given by:

P(S)hs(X)
LSPMpyopace(X) = 3.12
Norace(X) P(S)hs(X) + P(NS)hys(X) (312)
Hence, the Fusion-based SPM (FSPM) is obtained as:
FSPMNoFace<x> = pLSPMNOFace<SII) -+ (1 — p)GSPM(.ﬁL’) s (313)

where, p € [0,1]. However, the applicability of this approach is limited in the presence of skin-
like colours in the background. Skin-like background colours may show significant similarity
with actual skin colours. This may result in a large amount of false acceptance error. It is
evident that facial skin colour resembles the skin colour of a person. Therefore, the similarity
measurement should be performed between the IDM and a model describing facial skin pixel
distribution also termed as facial skin pixel distribution model (FSDM). This helps in rejecting

the skin-like coloured background regions more effectively.

3.2.3.2 FSPM derivation by using FSDM

The proposed fusion-based skin modelling locates the skin pixels in the facial region. At first,
the face is located using the algorithm proposed by Viola and Jones [125]. The distribution of
reference skin pixels extracted from the face region is modelled as a single multi-variate Gaussian
function GY = N (u/, 7). If the face and the other body parts are uniformly illuminated, then
the skin pixels can be detected with the help of a local face model derived from the skin pixels
of the facial region. But in practice, the local face model may fail to detect the apparent colour
variations in the skin regions of different body parts due to non-uniform illumination. Our
observation is that in spite of small local colour variations, the overall chromatic properties of
the skin regions do not change significantly. So, the clusters of IDM with actual skin pixels
will be statistically closer to the local face model. Subsequently, a local skin probability map
(LSPMFqc) is derived using the IDM and its similarity with FSDM as shown in Figure 8.3l We
use the following notation in the rest of this chapter for simplicity, Gf = N (x!, ). Hence, the

skin similarity index (d§}) and the skin dissimilarity index (di;) of the i Gaussian component

!This work has been published in Indian Conference on Computer Vision, Graphics and Image Processing
(ICVGIP), ACM 2016 (Refer item [Mlin Page 117 for details)
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G! is expressed as:

1
%5 = Bar gy M s = lee [+ D (GLED] 314
where,
! -1
D(chal) = (ul=pl) - (=]) - (wf=nd) (3.15)

Here, the superscript F'I denotes Face-Image similarity. The proposed skin and skin dissimilar-
ity indexes are used to derive the local distribution models for both the skin and the non-skin
pixels of an image. The LSDM for skin pixels (h) and the LBDM for non-skin pixels (h% )

are expressed as:

Ky
=Y "9f - N (uf,2]) and hig(X ZnNS N (uf, 2, (3.16)
where,
fi i,
== 5 and VS = 71 : (3.17)
I

Z:dg,{ ZdNSz

LSP Mpgee(z) = (3.18)

The LSPM generally produces more discrimination between the skin and the non-skin regions.
But, it also assigns higher probability values to the skin regions or colours similar to facial
region. So, there is a chance of more false detection. That is why, the fusion should be done
in such a way that the overall detection error is low. Also, the face may be inadequately
illuminated. For such specific situations, the GSPM will have less influence on the overall

skin model. Keeping all these considerations in view, we proposed a fusion rule to derive the
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Figure 3.3: Similarity in Face-Image model: a) Skin model derived from facial skin pixels, b) IDM
with each cluster coloured in accordance with the skin similarity index, and ¢) IDM with each cluster
coloured in accordance with skin dissimilarity index. In the colourmap, Red represents smallest index
value, whereas Yellow represents highest index value. The Yellow-coloured cluster in (b) is closest to
the skin colour.

proposed Fusion-based SPM (F'SPMpg..) as follows:

If GSPM! > o,

avg

FSPMpaee(X) = min {GSPM(X), LSP Mpaee (X))} 19)
3.19

otherwise,

FSPMpeee(X) = o - LSPMpaee(X) + (1 — a) - GSPM(X)

where, GSPMcfvg is the average GSPM value of the face masked pixels, and a € [0,1]. o is a
thresholding value for GSPM. Apparently, both ¢ and a should be high enough to minimize

the overall detection error. Figure 3.4l shows discrimination between the skin and the non-

TH-2081_126102023 70



3.2 Proposed Method

Figure 3.4: FSPM from face: a) Original image, b) GSPM [I3], ¢) SPM derived directly from the
pixels of a facial region, d) LSPM derived from face-image model similarity, e) Proposed FSPM, and f)
Groundtruth results. The red coloured bounding boxes show the specific regions, where our proposed
FSPM gives comparatively better discrimination between the skin and the non-gskin regions.
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skin regions. It is evident that the proposed FSP is able to produce more discrimination
between the skin and the non-skin regions for different scene characteristics ranging from low
illumination to skin-like backgrounds.

The final skin mask for a given image can be easily obtained by direct thresholding of either
of the above FSPMs with a suitable threshold. However, direct thresholding may consider some
non-skin regions with comparatively higher FSPM values as skin. This increases the chance of
false positive error. Therefore, we use the dynamic region growing (DRG) method as proposed
in Chapter 2 to obtain a cost map C(x) for skin regions. The final skin mask is obtained by
thresholding the cost map C(x) with a threshold 6y,.

3.3 Experimental Analysis

For the validation of our proposed method, four datasets are used: Cambridge hand gesture
dataset [68,[69], NUS dataset [70], HGR dataset [9,[14,[67], and ECU dataset [65]. The images
in Cambridge dataset are taken under varying illumination conditions with mostly non-skin
looking backgrounds. A set of 200 images belonging to this dataset are manually annotated for
the experimental validation process. The NUS dataset contains hand pose images taken under
random background and natural illumination conditions. We selected a set of 500 images from
NUS dataset, which are manually annotated. The HGR dataset contains 899 images captured
under varying illumination conditions in an indoor environment with some images having skin-
like coloured backgrounds. The ECU dataset contains two sets of images (each containing 2000
images), which are captured in uncontrolled natural environments. To obtain the GSPM, skin
and background patches from one set, while the other is used for experimental validation. The
optimum number of Gaussian components for the GSDM i.e. (Kg) and the GBDM i.e. (Kyg)
are obtained using Bayesian information criterion (BIC). In our case, the optimum value of the
K is found to be 6, and that of the Kyg is 9.

In this experimental validation process, four measures are selected for evaluation, namely
- detection accuracy (Acc.), false positive error rate (g,), false negative error rate (&s,), total
detection error rate(d;), where &, = 7, + 0sp. All the detection error values are obtained by
thresholding the cost map with a threshold 6;,. Here, 6;;, corresponds to the minimum d;.

We also analyse the dependency of §; and computational time on the maximum number of

2This work has been published in Pattern Recognition Letters, 2017. (Refer item [[in Page 117 for details)
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components K,,,, of the Gaussian mixture model. For this, d; value is calculated for different
values of K,,... It is observed that, d; decreases very slowly for K,,.. > 11. On the other
hand, an increase of K,,,, increases the computational time. It is observed that the average
computation time for an image almost linearly increases with K,,,,. Keeping these two con-
flicting requirements in view, the optimum value of K, is fixed at 11. It is found thatthe

DRG produces an optimum result for FSPMs at P 0, = 0.8.

3.3.1 Experimental validation for F'SPMy,race

It is observed that GSPM gives a comparatively better accuracy in presence of background
similarity but, performs poorly in case of poor illumination. On the other hand, the local
skin model performs well in presence of poorly illuminated conditions but performs poorly in
presence of background colour similarity. Hence, the parameter p is selected to be 0.5 for the
validation of F'SP My,race, and kept fixed for all the datasets.

At first, we analysed the effect of 8 on the overall detection error. For this, detection errors
are calculated with varying [ values for the different dataset. A plot illustrating 6, vs 3 is
obtained for different datasets as shown in Figure 3.5 It is observed that J, becomes the lowest
for all the dataset except for the Cambridge dataset at § ~ —1. For HGR and NUS dataset, ¢;
slowly increases when 3 > —1, whereas it remains almost constant for ECU dataset. Cambridge
is the only dataset whose total detection error keeps reducing with decreasing S owing to very
little skin-like colour present in the background. This makes region growing less restricted.
However, images of Cambridge dataset belong to a specific situation, where illumination is
non-uniform and there are no skin-like colours present in the background. In general, skin-like
colours could be present in the background. Therefore, we choose § = —2 for the rest of this
validation process.

For experimental validation, the proposed method is compared with a set of state-of-the-
art methods, such as - Bayes classifier [13], Stacked Autoencoders-based skin classification
(SASC) [22], Fast propagation-based skin segmentation (FPSS) [14], Self-adaptive seed selection
(SASS) [15], Multi manifold-based skin classification (MMSC) [16], Flexible neural tree (FNT)
[119], Random forest-based skin classification (RFSC) [17], CMYK colour space-based skin
classification [I8]. The comparative results for Cambridge dataset and NUS dataset are given

in Table B.Il. For HGR and ECU dataset, comparative results are provided in Table It is
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Figure 3.5: §; vs (8 for different datasets

clearly visible that the fusion of image pixel distribution information with a global skin colour
model significantly improves the skin detection process for all the datasets. The images of
Cambridge dataset are taken under comparatively higher non-uniform illumination conditions
than the other datasets. Thus, false negative rate for Cambridge dataset is the highest among
all the datasets. Now, region growing-based methods reduce false positive rate at a cost of
an increased false negative error rate. So, the direct thresholding-based method produces
comparatively less overall detection error rate in this case. The images of NUS and ECU
dataset are taken under unconstrained environments with a colour similarity of background to
human skin colour in some images. For them, the chance of false positive error rate becomes
high in presence of skin-like background colours. So, for these two datasets region growing-
based methods detect skin regions with comparatively less overall detection error. The images
in HGR dataset are taken under poor but moderately uniform illumination condition. In case
of region growing methods, the more is the uniformity in illumination, the better is the growing
process. Thus, region growing methods also perform better in case of HGR dataset. The
comparative ROC plots for all the datasets are provided in Figure and Figure B.7. The
comparative performance analysis is also provided in Figure B.8l Here, multiple images from

each of the datasets are selected to show the detection results. It is clearly observable that the
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Table 3.1: Comparative analysis of different segmentation methods using Cambridge and NUS dataset

Cambridge database NUS database
Method 5p(%) 6pn(%)  6:(%)  Acc. 5p(%) 6pn(%)  6:(%)  Acc.
Bayes classifier [13] 16.63 18.76  35.39  0.8243 1142 1265  24.07  0.8837
FPSS! [14] 0.52 4382 4434  0.8463 9.06 1095  20.01  0.9047
CMYK colour space [I8]  0.41  42.75  43.16  0.8499 1682  7.49 2431  0.8474
RFSC [17] 0.61 6880  69.41  0.7602 3.05 46.83  49.8%8  0.8950
SPM + DRG 0.77 3876  39.53  0.8615 545 1121  16.67  0.9356
gﬁgﬁg%ﬁm +odirect o 10832 1686 0.9202 6.83  7.88 1471  0.9299
FSPMnNorace - DRG 222 19096  22.18  0.9148 585 611  11.96  0.9414

Table 3.2: Comparative analysis of different segmentation methods using HGR and ECU dataset

HGR database ECU database
Method 5p(%) S7n(%)  6:(%) Acc. 51p(%) S5n(%)  6:(%) Acc.
Bayes classifier [13] 5.47 5.15 10.62 0.9470 1514  9.48 24.62 0.8803
SASC [22] 400 20.00 24.00  0.9300 10.00 2140  31.40  0.8800
FPSS [14] 346  5.72 9.18  0.9536 1505  7.31 22.35  0.8924
CMYK colour space [I8]  20.42  2.65 23.07 0.8348 21.79  9.87 31.66 0.8431
RFSC [17] 0.28 3644  36.72  0.9225 3.05 46.83  49.88  0.8950
FNTT [119] - - - - 9.96 1286  22.82  0.9053
SASS [17] 316  4.57 772 0.9611 953  7.16 16.68  0.9175
MMSC [16] 1.66  4.41 6.07  0.9692 4.45 1143 1574  0.9177
SPM + DRG 3.30  4.07 737  0.9667 8.05  8.02 16.07  0.9198
gﬁgﬁg%ﬁm +odirect o 05 399 6.25  0.9710 9.07 9.8 1825  0.9090
FSPMnoFace - DRG 282 204 576 0.9724 754 1735 14.90  0.9242

GSPM mostly fails to detect the skin regions of an image under varying illumination conditions.
The fusion-based model adapts to the local pixel distribution, and makes the skin pixels more
highlighted. It is also observable that the proposed skin detection method is not biassed towards
any particular skin tone and performs well for all type of skin colours. However, the proposed
FSPMyorace derivation relies on relative similarity of IDM pixel clusters with the GSDM pixel
clusters. In some situations, some background region may show more skin similarity with
GSDM as compared to actual skin regions due to poor illumination. Therefore, the reference

skin distribution model should be adaptive to the skin colour of a person present in an image.
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Figure 3.6: ROC curves for different methods: a) Cambridge dataset, b) NUS dataset.
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Figure 3.7: ROC curves for different methods: a) HGR dataset, b) ECU dataset.
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Figure 3.8: Skin segmentation results : a) original image, b) SPM, ¢) SPM -+ direct threshold , d)
FPSS [14], e) SPM + DRG , f) Random Forest [17], g) CMYK colour space [18], h) FSPMnoFace, 1)
FSPM + direct threshold, j) FSPMNorace + DRG, and k) Ground truth. In the first row, first three
images are from Cambridge dataset, next three images are from NUS dataset, next two images are
from HGR2b dataset, and final four images are from ECU dataset. Here, white colour represents true
positive, black colour represents true negative, red colour represents false positive, and green colour
represents false negative.

TH-2081_126102023 78



3.3 Experimental Analysis

0 : 0
0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8

ath

Figure 3.9: Variation of d7, and dy, with 60y, for different values of o

3.3.2 Experimental validation for F'SPMpg,..

In addition to benchmark methods as mentioned in section [3.3.1], the proposed method is also
compared with an additional set of state-of-the-art methods, such as - Dynamic skin model-
based skin classification (DSMSC) [19], Adaptive seed-based skin classification (ASSC) [21],
Smooth histogram-based skin classification (SHSC) [10], Discriminative Skin-Presence Feature
(DSPF) [9], Dynamic threshold-based skin classification (DTSC) [20]. The parameter 5 is kept
fixed at -2 as mentioned in the last section.

The parameter ¢ maintains a balance between possible false acceptance and false rejection
errors. Therefore, it is necessary to obtain an optimum value of ¢ so that the system can have a
more dynamic range of operation without generating significant increase in detection errors. To
obtain the optimum value of o, detection errors are calculated at three instances of o, such as
0=20.9,0=0.75,and o = 0.6. Figure[3.9shows the variation of both 4y, and d, w.r.t. 8y, for
different values of 0. It is observed that FSPMg,c. produces the lowest 0, for o = 0.6 but, gives
the highest 0, for a fixed threshold value 6;,. On the other-hand, d;, is the lowest for ¢ = 0.9
but, at the cost of highest df,. The points p;, ps, and ps are the three operating points, where
FSPMpgaee produces optimum results with direct thresholding. The proposed FSPM is expected
to produce lower false acceptance error during region growing with higher true positive rate. It

is found that the proposed FSPMpg,. can produce optimum results at ¢ ~ 0.75. Therefore, the
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Table 3.3: Comparative analysis of different segmentation methods using ECU dataset

Method 35p(%) S n (%) 01(%) Acc.
Bayes classifier [13] 15.14 9.48 24.62 0.8803
SASC [22] 10.00 21.40 31.40 0.8800
DTSC [20] 21.99 9.08 31.07 0.8101
SHSC [10] 10.74 13.36 24.10 0.8882
FPSS [14] 15.05 7.31 22.35 0.8924
CMYK colour space [18] 21.79 9.87 31.66 0.8431
RFSC [17] 3.05 46.83 49.88 0.8950
FNT [119] 9.96 12.86 22.82 0.9053
DSPF [9] 9.31 9.10 18.41 0.9080
DSMSC [19] 8.37 8.38 16.75 0.9171
SASS [15] 9.53 7.16 16.68 0.9175
MMSC [16] 4.45 11.43 15.74 0.9177
ASSC [21] 8.41 5.88 14.30 0.9184
SPM + DRG 8.05 8.02 16.07 0.9198
FSPMnoFace + direct threshold 9.07 9.18 18.25 0.9090
FSPMrace + direct threshold 7.94 8.60 16.54 0.9176
FSPMpace + DRG 5.94 6.15 12.09 0.9384

parameter o is kept fixed at 0.75 for the validation process.

A comparative analysis of existing skin detection methods with our proposed FSPM-based
method is performed. The detailed comparative analysis is shown in Table 3.3l The benchmark
methods can be broadly grouped into two classes — methods without face detection and methods
using face detection. Methods without face detection include Bayes classifier, SASC, DTSC,
FPSS, CMYK colour space-based method, RESC, FNT, DSPF, SASS, MMSC. On the other
hand, skin detection methods, such as SHSC, DSMSC, ASSC use face detection-based reference
pixel extraction. The SPM proposed by [13] is a global map for skin colour. On the other hand,
the proposed FSPM uses both global statistics of skin colour and also image specific data. So,
the proposed skin detection method is more robust to different scene characteristics including
illumination variations. Skin detection methods, method proposed by Sawicki et al. [I8] do
not use face for detecting the skin pixels. So, the detection accuracies of these methods are
totally dependant on global properties of skin pixels. Among these three methods, Kawulok’s
method used texture features along with colour characteristics to enhance the discrimination

between skin and non-skin regions. Rest of the baseline methods used face detection-based
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Figure 3.10: Skin segmentation results : a) Original image, b) SPM, c) Proposed FSPM, d) SPM +
direct threshold [13], e) DSMSC [19] + direct threshold, f) DSMSC [19] + FPSS [14], g) DTSC [20],
h) SHSC [10], i) ASSC [21], j) DSPF [9], k) FSPMpace + direct threshold, 1) FSPMpace + DRG, and
m) Ground truth. Here, white colour represents true positive, black colour represents true negative,
red colour represents false positive, and green colour represents false negative.
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3. Detection of Skin using Image Pixel Distribution Information

model adaptation. It is evident from the result given in Table 3.3 that skin detection methods,
which use face detection-based model adaptation technique perform much better as compared to
the methods, which do not use facial regions for model adaptation. The Dynamic thresholding
method [20], Fusion of smooth histogram and Gaussian model [10] detect pixels of the facial
regions, and the accuracy of skin pixels detection solely depends on the local model only derived
from the pixels of facial regions. The method proposed by [9] derives a discriminative space
for both colour and texture features without utilising local adaptation. The method performs
comparatively better than other listed methods without adaptation. It is evident from Table
3.3 that the proposed fusion-based skin model can produce a better result as compared to the
existing methods. The major advantage of selecting FSPMpg,ac. over FSPMyorace 1S the former
is more user or person specific as compared to the later. Thus, FSPMpg,. can discriminate
actual skin regions more accurately in presence of skin like background colours as compared
to FSPMyorace (see Table B.3)). Figure shows the comparative analysis qualitatively. It
is evident from these results that the proposed fusion-based model can more accurately detect
the skin pixels in any varying scene characteristics ranging from poor illumination to skin-like

backgrounds.

3.4 Summary

In this chapter, a novel fusion-based skin detection method is proposed. The pixel distribu-
tion information of an image is used to derive an image specific skin probability map or local
SPM. The final skin probability map is obtained by fusing the globally obtained SPM and the
local SPM. The fusion of the global and local SPM gives the final fusion-based SPM (FSPM).
When skin-like coloured objects are present in the background, the proposed FSPM uses the
best parts of both global and local skin models. That is why, our method produces less false
positives. On the other hand, global model fails to properly detect the skin regions when the
scene illumination is poor. In this situation, the proposed local model uses image pixel distri-
bution information and models the skin pixels distribution more accurately. So, false negative
would be less. Experimental results obtained for a standard dataset show that our proposed
FSPM can give significantly better results as compared to the state-of-the-art methods, which
use only the SPM.
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Detection of Skin Regions in Videos under
Local Colour Deformations

Detection of skin regions in videos is a challenging research problem in presence of uncontrolled
illumination conditions. The chromatic appearance of skin regions may change locally due to
local shading effects, which may occur due to the motion of different body parts. To address
this specific issue, a dynamic adaptation scheme is proposed to detect skin regions which are
affected by local colour deformations. The proposed method has two modules — a static module
for detection of static skin regions; and a dynamic module for detection of moving skin regions.
The static module consists of a facial skin distribution model (FSDM) and a video specific
background model. The video specific background model termed as fusion-based background
distribution model (FBDM) is obtained by using a local background distribution model (LBDM)
and a global background distribution model (GBDM). The LBDM is obtained by considering the
similarities of a frame pizel distribution model with the FSDM and the GBDM. Subsequently,
the FBDM 1s derived by using the LBDM and the GBDM. In the dynamic model of the proposed
method, an initial moving skin distribution model (MSDM) is obtained by using a GMM from
a set of moving skin samples which are obtained by using a modified double frame-difference
method. The final MSDM is obtained by performing a filtering procedure based on similarities of
the initial MSDM with the FSDM and the FBDM. Finally, the static and the dynamic modules

are fused by following a mazximisation rule.
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4. Detection of Skin Regions in Videos under Local Colour Deformations

4.1 Introduction

Skin detection is an important step for many Human Computer Interaction (HCI) appli-
cations. However, various factors make skin detection challenging, such as variations in scene
illumination, ethnicity, shadow, background and camera characteristics. One of the major
challenges is the effect of illumination variations on skin colour appearance. Skin regions look
differently from its actual tone under varying illumination conditions. Illumination variation
can occur in two ways — globally and locally. A global variation of illumination occurs when the
characteristics of the illuminating source vary with time. On the other hand, local illumination
variation occurs when illumination becomes non-uniform over the exposed skin regions. One of
the major reason behind the non-uniform illumination is the curved nature of the skin surface.
This causes a formation of form shadows on the skin surface. In addition to form shadows,
cast shadows may be produced by one of the moving body parts onto another body part. In
case of directional light sources, the extent of illumination on a skin patch also depends on its
orientation with respect to the light source. In most of the HCI applications, the occurrence of
local illumination variations is more frequent and common as compared to global illumination
variations.

In recent years, many research works [9,16,22,96] have been reported on skin detection under
unconstrained environments for images. However, only few research works have dealt with
skin detection in videos under varying illumination conditions. Soriano et al. [97] investigated
the effects of static but non-uniform illumination on skin colour appearance. Sigal et al. [98]
proposed a dynamic histogram adaptation model based on a second order Markov model. Here,
they assumed that the illumination changes gradually and globally. Habili et al. [99] used motion
information alongwith colour information to detect skin regions in a video without considering
the presence skin-like colous in background. Han et al. [I0T] proposed a skin segmentation and
tracking algorithm based on Support Vector Machine (SVM) active learning. In their methoid,
the SVM needs to be re-learned at every frame to handle the varying illumination conditions.
Liu et al. [102] proposed a dynamic skin detection algorithm for videos by utilizing a face
detection-based model update scheme for globally varying illumination conditions.

It is evident from the literature survey that the effects of local shading or local colour defor-
mation of skin regions during the skin detection in videos is not fully explored. To address this

specific issue, a dynamic adaptation scheme for the detection of skin regions having local colour

TH-2081_126102023 84



4.1 Introduction

deformations is proposed. The proposed method relies on conventional Bayesian classifier. It
has two modules— a static module for the detection of static skin regions; and a dynamic mod-
ule for the detection of moving skin regions. The static module has two components— a skin
distribution model for static skin regions and a background distribution model. The static skin
distribution model is derived by using a set of facial skin samples of initial frames of a video,
and the skin model is termed as facial skin distribution model (FSDM). The background distri-
bution model for a video needs to be self-adaptive to the video background characteristics. To
obtain a self-adaptive background model for a video, first, a global background distribution model
(GBDM) is obtained from a set of randomly collected background samples. However, skin-like
colours could be present in the background of a video frame. Therefore, a local background
distribution model (LBDM) needs to be derived for the video frame. To obtain the LBDM, we
follow a similarity match-based algorithm by utilizing pixel distribution information of video
frames [23]. The similarity between two distribution functions can be measured by using Bhat-
tacharyya distance [126]. The local colour deformations in skin may create multiple modes in
the skin distribution. The Bhattachryya distance metric treats those modes as different distri-
bution functions and produces finite distances accordingly. Therefore, a new distance metric is
needed to discriminate the distribution functions belonging to similar regions of an image (e.g.,
skin regions) and the distribution functions belonging to dissimilar regions of an image (e.g.,
background regions). In this paper, we proposed a modification to the Bhattachryya distance in
such a way that it produces lesser distance between two distribution functions than the original
Bhattacharyya distance (OBD) if both the distributions belong to skin regions. The LBDM is
derived from the FSDM and the GBDM by using the modified Bhattacharyya distance (MBD)
as a distance metric. The final background model is obtained by fusing the LBDM and the
GBDM, and it is termed as fusion-based background distribution model (FBDM). The main
component of the dynamic model is a moving skin distribution model (MSDM). The MSDM
illustrates the distribution of pixels belonging to moving skin regions having chromatic defor-
mations. The moving skin regions are detected by using a modified double frame-difference
method. An initial distribution model for these moving skin regions is obtained by using a
GMM. In addition to the actual skin regions, some of the background regions can also be
falsely detected as skin regions during the moving object detection process. The final MSDM

is obtained by performing a filtering procedure based on similarities of the initial moving skin
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Figure 4.1: Block diagram of the proposed method.

model with the FSDM and the FBDM. Finally, the static and the dynamic modules are fused by
following a maximization rule. The proposed method is elaborately discussed in the following

sections.

4.2 Proposed Method

The block diagram of the proposed method is shown in Fig. Il The proposed skin
detection algorithm has two modules — a static module (FSDM and FBDM) and a dynamic
model (MSDM). The background distribution model as shown in Fig. [£1]is common for both
the modules. Each of these modules give one SPM, which are fused together to obtain the final
skin probability map for a video frame. The proposed skin detection method is explained in

detail in the following sections.

4.2.1 Static module
4.2.1.1 Facial skin distribution model

Facial skin tone can be used as a reference skin tone of a person. At first, Viola and Jones

algorithm [125] is applied over a set of initial frames Irp = I, I, .., Iy, to locate faces in the
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frames. Here, Npp is the number of initial training frames. A set of sample pixels is obtained
from the localised facial regions. The distribution of reference skin pixels extracted from the

facial regions or the FSDM is modelled as a single multivariate Gaussian function G/ as:
G =N (i, %7) (4.1)

4.2.1.2 Background Distribution model

The proposed fusion-based background distribution model has two components — a global
background distribution model (GBDM) and a local background distribution model (LBDM).
To obtain the GBDM, a set of sample background pixels obtained from a standard dataset is

used. The global background model is expressed as:
Kgp
G = wiN (ugb, ng) (4.2)
k=1

In order to obtain the LBDM, a local distribution model adaptation scheme [23] is followed. At
first, a pixel distribution model G for pixels of a set of initial frames Iy is derived by using

a Gaussian Mixture Model (GMM). The expression for G’ is given as:

K
¢ =S WlN (D) (43)
k=1

The number of Gaussian components K, and K are selected by using the method given in [23].
The model G gives a colour distribution of frame pixels, which include both skin and non-
skin pixels. The Gaussian components of G’ condescending to the real skin regions, should
be statistically more similar to FSDM, and they should more dissimilar to the Gaussian com-
ponents of the GBDM. The Bhattacharyya distance is a well-known metric to find distance
between two probability distribution functions. The closed form expression for Bhattacharyya

distance between two multivariate Gaussian distribution functions is given by:
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Figure 4.2: Similarity between two clusters.

and the overlap between G; and G is given by:

81‘,]' = exXp [—ch (Gl, GJ>] Vz,j (45)

In this paper, the standard Bhattacharyya distance is termed as Original Bhattacharyya Dis-
tance (OBD).

Now, let us consider two Gaussian clusters of pixels in RGB space — a reference cluster
C, (pr, ;) and its modified version C; (;, ;) on account of local illumination change. There-
fore, distance between C; and C, should be ideally zero as both of them correspond to similar
image regions. However, OBD between C; and C is a non-zero value. The OBD treats the
two distribution functions as two different independent entities. However, two distribution
functions, which are actually originated from similar regions (e.g., skin regions with colour
deformations) have some correlations, and that is why, the distance between them should be
less than the OBD value. To overcome this problem, the OBD is modified in such a way that
dygn (G, Gy) < dgp (G, G,) for the distribution functions corresponding to similar image re-
gions. We termed the proposed distance measure dypy (G, G,) as Modified Bhattacharyya
Distance (MBD). Local variations of skin colours are approximated as a combination of two

independent parameters— orientation of the centroid vector p; with respect to u,., and the ori-

TH-2081_126102023 S8



4.2 Proposed Method

Patch
G;

160 /
140 /
G?ald\

ghaten
80 ~
60 ~

40

0100 s 200

200 100

Red 250 30 Green
(b)
w:o_mn M: 0.1236
dy,(GF=,G7=) d,(G,GT)
@ ()

Figure 4.3: Effect of using MBD as distance measure — (a) original image with three patches extracted
from different regions; (b) distribution of pixels in RGB space for different patches — red cluster
corresponds to Patchy, blue cluster corresponds to Patchs, green cluster corresponds to Patchs; and
(c) distance ratios for different patches.

entation of C; with respect to C, as shown in Fig. 4.2l Let, ¢ be the angle between y; and

T r [d
_ M} = 0, where, V; and V,. are the

1. The two clusters will be perfectly aligned if [1 5

eigen vector matrices of ¥; and X, respectively. On the other hand, smaller is the value of ¢,

the more chromatically similar are the clusters. Hence, the closed form of MBD is expressed

as:
D+ 517
duam (61, Gy) =60 = )" |25 2] = )
4.6
pam EEE 2 (40
|21 - 3551
where,
r(V; V;
f:%[l—exp(—quax)},fy:%{1_t(5 >:|
(4.7)

_ 1 (paspyg)
¢ = cos <||m||~||icj||)

Here, ¢4, 18 the maximum allowed deviation in centroid orientation. Following rule is framed
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on the basis of the equation (4.6l

tr (VZTVJ)

dysn = dpn 2 (¢ > Pmax) N { 2

< 1} = true (4.8)
Fig. illustrates the effect of using MBD over OBD in our proposed method. As shown in
Fig. 4.3la, three patches are extracted from an image, they are Patch,, Patchs, and Patchs.
The Patch; and Patchs belong to skin regions, whereas Patchy belongs to non-skin regions.
We consider Patch, has actual skin tone and Patchs has a deformed skin tone due to local
illumination variation. Fig. E.3lb shows the distribution of pixels belonging to these patches
in RGB space. In Fig. [43-c, distance ratios calculated by using OBD and MBD are shown
for these image patches. From this analysis, it is evident that the relative distance between an
unknown skin distribution and a reference skin distribution is less for the MBD in contrast to
the OBD.

Now, the overlap between Gaussian components of G/ and FSDM is then given by:
z—:{ = exp [—dMBh (Gf, Gf)} fori=1,.,K; (4.9)
and the overlap between Gaussian components of G! and G9° is given by:

e = exp {— Iréi'n dprrBh (Gg, ngﬂ for j=1,.., Kg (4.10)
J

)

A Gaussian component in G should belong to background regions if it overlaps less with the
FSDM than any of its overlapping with the GBDM components. Also, background regions
may be chromatically similar to the skin regions in some of the cases. Therefore, the local
background distribution model (LBDM) G should include only those Gaussian components

which follow inclusion criterion as defined below:

Gl € {Glb : <€Zf < €?b> v (5{ < 7'1> = true} (4.11)

The weights of the Gaussian components in G are derived from the weights they had in G’
followed by a normalisation. It is found that the GBDM is better in discriminating skin-like
colours from other colours, whereas the LBDM better discriminates actual skin colours from

skin-like colours in the background. Hence, a fusion of GBDM and LBDM can provide better
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4.2 Proposed Method

discrimination between actual skin pixels and non-skin pixels as compared to either GBDM
or LBDM. Accordingly, the fusion-based background distribution model (FBDM) i.e., G/° is
expressed as:

GI*(X) = maz {G"(X),G"(X)} (4.12)

where, X = [RG B]' is the colour vector of a pixel.

4.2.2 Dynamic module

As explained earlier, the moving body parts cause local illumination variations in the scene
even if the global illumination is kept constant. This non-uniform illumination may change
the chromatic appearance of moving skin regions in such a manner that they may become
undetectable by the static module. Therefore, the skin model should adapt to local variations
of skin colours due to non-uniform illumination. However, updating a skin model for every frame
is computationally expensive for real-time applications. Therefore, the skin model should be
updated only when a significant change in scene colour takes place due to local illumination
variations, and we proposed a key frame detection technique to update the skin model only for

the key frames.

4.2.2.1 Key frame selection

The key frames in a video sequence are selected on the basis of the measure of change in
chromaticity — for a given key frame, the next key frame is the one in which chromaticity
changes significantly. By doing so, an entire video clip is transformed into a small number of
representative key frames. The chromatic changes between a frame and a reference frame can
be determined from chromatic entropies of both the frames. Let, I; and I,.; represent the frame
at t and the reference frame, respectively. The change in chromatic entropy in I; with respect
to I, is given by:

Et - Eref‘

|
AE, = 4.13
K Erey (4.13)

where,

> nxlog (ijh)
B VXl

4.14
w X h ( )
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Here, E; and FE,.s represent chromatic entropy of I, and I,.r, respectively; nx is the number
of occurrence of the colour vector X = [RGB]" in I;; w is the frame width and h is the frame
height. A frame I; is designated as a key frame Iy, if its AL, is greater than some threshold

value 0.

4.2.2.2 Moving skin distribution model

Assuming the background is static, the frame difference method is the most easiest way to
detect moving objects in a frame. However, the frame difference algorithm suffers from two
major limitations — occurrence of ghost foreground regions and foreground apertures as shown
in Fig. L4l Ghost foreground regions occur due to the motion of the objects. During frame
differencing, an ambiguity may occur between real foreground regions and ghost foreground
regions. The other drawback of frame difference is the occurrence of foreground object aperture
(FOA). FOA occurs if the object is texture-less and/or the intensity gradient of the image is
significantly less. The probability of occurrence of FOA is significantly high in case of moving
skin regions as they have less texture and intensity gradient. In order to avoid the occurrence of
ghost foreground regions, Kameda and Michihiko [127] proposed a “double-difference of frame
(DDF)” method. In this method, three frames at time t —2, ¢t — 1, and ¢ are selected. The DDF
method performs a logical AND operation over thresholded difference frames between frames
at t —2 and t — 1, and frames at t — 1 and ¢. The result of a DDF algorithm in presence of
FOA is shown in Fig. In this, O;_s, O;_1, O; show object positions at time instants ¢t — 2,
t — 1, and t, respectively.

The DDF algorithm produces a narrow region for a moving object if the object has less
texture and/or intensity gradient. An use of morphological operations can reduce FOA in a
difference frame as shown in Fig. [£.6l A dilation along the direction of motion of an object can
reduce FOA with an inclusion of ghost foreground regions. Motivated by this fact, a morpho-
logical enhancement-based double difference frame method is proposed to detect moving skin
regions. In our proposed method, morphological dilation is applied on each of the thresholded
difference frames. Subsequently, a logical OR operation is performed over the dilated difference
frames. The OR operation helps in including more moving skin regions between the consecutive
frames. However, this operation significantly increases occurrence of ghost foreground regions.

In order to reduce inclusion of background regions in foreground regions of a thresholded differ-
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Region in thresholded difference

Ghost region frame belonging to moving object

Figure 4.4: Drawback of single frame difference method.

Object region after double
- difference of frames

Ot—2‘i FOA I FO,
-2 t-1 t

>
Figure 4.5: Results of DDF method in presence of FOA

Ghost region
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ence frame, dilation should be performed in the direction of motion of the foreground objects
as shown in Figlf.6l However, in case of articulated objects like hands, foreground motion
could be complex. We approximate complex movements as a combination of motions in four
directions - 0°,45°,90°, 135° with respect to the horizontal direction. Directional opening can
be used to select a region in a particular direction. After directional opening, a dilation in the
perpendicular direction of the opening process grows a region in the direction of its motion as
shown in Fig. .71 Finally, a logical OR operation is performed on the two morphologically
enhanced thresholded difference frames to obtain a moving object mask BWE"“I. Fig. A8

shows the flowchart of our proposed morphology-based moving object localization method. An

example of the proposed moving skin region localization approach is shown in Fig.

Object location at #-1 Object location at ¢ Visible region

1A -

|
| )
: | Binarization
| : > FOA
! |
! |
! |
- \

- >
motion
| E—
Structuring element
Dilation

FOA:

Enhanced visible region
Figure 4.6: Reduction in FOA using directional dilation.
The moving object mask BWEM[ is used for extracting moving skin regions at ¢t — 1. As
the chromatic changes of the skin coloured regions are temporally correlated, the colour of skin
final

regions in [, can be approximated by the colour of skin regions in I;_;. The mask BW};

is applied on I, ; to extract a moving object pixel set ();_;. The current frame [; and its

TH-2081_126102023 94



4.2 Proposed Method

Binarization r
_—

Morphological opening
SE (0°) SE (45°) SE (90°) SE (135°)

. |
FOA FOA FOA
L]

I Dilate \ Dilate mmmm | Dilate / Dilate

SE (90°) SE (135° SE (0°) SE (45°)

I’

® B

Logical OR
C_D @ operation

. Original visible region

. Enhanced visible region

r

Figure 4.7: Proposed method for reducing FOA using directional “opening” followed by directional
“dilation”.
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{ Frames ;
t-Zi t-1 ti
\ 4

Frame at t-2 Frame at t-1 Frame at t

I | |
LA 7 LA 7

frame difference at t-1 frame difference at t
& binarization & binarization
Directional opening followed by Directional opening followed by
directional dilation and OR operation directional dilation and OR operation
Logical OR

Binary mask at t-1
for moving object

Figure 4.8: Flowchart of the modified DDF algorithm

last Npr number of previous frames are considered to derive ;s for last Npp frames. Finally,
all these (s are stacked hierarchically in a new pixel set (000 With descending values of ¢.
Algorithm [2]is the proposed algorithm to derive the moving object pixel set Qotion. Here, Ny
is the total number of frames in a video. Ideally @Q,,otion should only contain pixels belonging
to moving skin regions. So, the pixel set Q0t0n can be used to derive a colour distribution
model for moving skin regions, i.e., the moving skin distribution model (MSDM). However,
some of the pixels from non-skin foreground (e.g. clothing) and/or background regions may be
included in @Q,,0tion due to the presence of ghost regions and the proposed morphological region
enhancement. Therefore, a filtering process is necessary to exclude this background pixels to

derive the MSDM. To obtain the MSDM, a GMM is used to model the distribution of all the
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Figure 4.9: Example of morphology-based moving object localization: (a) frames at t —2,¢—1 and ¢,
(b) morphologically enhanced binarized difference frames at ¢ — 1 and ¢, and (c) final localized moving
object regions.

pixels in Q,,otion as:

K%Lit
Gi:it _ Z wffj”N (MZm’t’ Ezm't) (4_15)
k=1

where, G represents an initial pixel distribution model for moving objects. Some of the
Gaussian components in G correspond to background and/or non-skin moving object regions.
These Gaussian components should be nearer to the background model FBDM as compared to
FSDM. The proposed MBD measure is used to determine the overlapping of G components
with FSDM and FBDM. The overlap between Gaussian components of G and G/ is given
by:

el™ — exp [—dusn (G, GT)] fori=1,., K", (4.16)

m,i )

Similarly, the overlap between Gaussian components of G and the global background model
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Algorithm 2: Proposed algorithm to derive the moving object pixel set Q,otion
Data: I; where, t =1,2,.., Ny
Result: Moving object pixel set Q.notion
for Nrr <t < Ny do

if t = Nyp + 1 then

for 3 <k <tdo

Obtain:

Alp_1 < |[Ir—1 — Ip—2|
Afk — |Ik — Ik,1|

BWa, SmIEHO AT where, § = kb — 1.
Perform: Morphological region enhancement on BWay, and BWary, -
Obtain:

BWL « BWay, , UBWay,
Obtain:

Qr_1 + Ik—l(l’) 5 BWiz;ml(x) =1
Add Qi_1 to the bottom of Qotion-

end
Perform:
Ikey A It
else
Calculate AE;
if AE; > 0p then
Remove Q;_n,, from the top of Qmotion-
Obtain: Q)
Add Q; to the bottom of Qmotion-
Update:
Ikey — I
else
| Do not update Iy,
end

end
end

return Qmotion

G9" is given by:

gdm — €xp [_ Héin drBh (Gimt ng)} forj=1,., Kgbv (4'17)
J

[ m,i

and the overlap between Gaussian components of G and the local background model G® is
given by:

g™ — exp [— min da g (G Gﬁb)] for [ =1, .., Ku (4.18)
J

The overall overlapping of G with FBDM is expressed as:

7 K3 K3
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4.2 Proposed Method

Finally, an inclusion criterion is proposed for Gaussian components of G to the final moving

skin distribution model (MSDM) i.e., GS¥". The inclusion criterion is formulated as follows:
G e {Gfﬁm ; (z—:{m > esz’m> A (z—:{m > 7'2> = true} (4.20)

4.2.3 Derivation of a skin mask

The pixels of each of the frames are classified into skin and non-skin pixels by using a
Bayesian classifier [13]. The Bayesian classifier provides a Skin Probability Map (SPM) for a
frame at t. The SPM at a location x represents posteriori probability of a pixel X belonging

to skin region at that location, and it is defined as:

P(S)- P(X|S)
P(S)- P(X|S) + P(NS) - P(X|NS)

SPM(x) = (4.21)

where, P(X|S) and P(X|NJS) are likelihoods, P(S) and P(NS) are priors for skin (S) and
non-skin (NS) pixels, respectively. Hence, the SPM derived using FSDM and FBDM is given

by:
P(S)G(Xe)
PM = 4.22
SPM ) = Pg)ar,) + POVSIGAX,) 2
The SPM value derived using MSDM and FBDM is given by:
. (yskin
SP My (1) = 5 P(5) - Gn™(Xy) (4.23)

() - G (Xy) + P(NS) - GT¥(Xy)

It is observed that SPMj can capture static skin regions more accurately, whereas SPM,, is
more responsive to moving skin regions. Therefore, the final SPM at time instant ¢ is expressed

as:

SPM ina(x) = max {SPMg(x;), SPM,y,(x;)} (4.24)
The final skin mask Mask for a frame at ¢ is obtained by thresholding SPM¢;,u with an
appropriate threshold 6, as:

1if SPMyina(z) > 0
Mask(z;) = sinat(7e) 2 Oun (4.25)

0 otherwise.

!This work is in under review in IEEE Trans. Circuits and Systems for Video Technology.
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4.3 Experimental Analysis

4.3.1 Experimental setup

In order to obtain a global background model G, background samples are extracted from
a set of randomly selected images of ECU dataset [65]. For experimental validation of our
proposed algorithm, a set of sign language videos collected from the web are used. The selected
videos are captured in unconstrained illumination and different background conditions. Each of
these videos has a duration of 10 seconds with varying frame rate, spatial resolution and illumi-
nation conditions. For quantitative performance analysis, these videos are manually annotated
for skin and non-skin regions. From the annotated videos, it is observed that P(S) ~ [0.1,0.2]
for standard definition (SD) videos (4:3 aspect ratio), and P(S) ~ [0.05,0.15] for high definition
(HD) videos (16:9 aspect ratio). Hence, we judiciously choose P(S) = 0.15 for SD videos and
P(S) = 0.1 for HD videos. The respective values for P(N.S) are derived as, P(NS) = 1—P(S).
Four quantitative measures namely, detection accuracy (Acc.), false positive error rate (dsp),
false negative error rate (&sy), total detection error rate(d;) are selected for evaluation, where
0t = 0sp+dyp. All the detection errors are obtained by thresholding SP Mgy, with a threshold

0y,. For simplicity of implementation, we select 71 = 7 = 7.

4.3.1.1 Determination of 7

The parameter 7 controls the inclusion of Gaussian components in G and G*™. A smaller
value of 7 results in inclusion of Gaussian components into G:*" which belong to skin-like
background colours. This increases the chance of false acceptance. On the other hand, a larger
value of 7 results in inclusion of some of the Gaussian components into G®. This increases the
chance of false rejection. Hence, we have proposed a selection scheme for the parameter 7 as
follows:

Let, I; be the frame at t. The chromatic randomness of an image can be determined by
using its chromatic entropy. In our previous work [23], it is shown that the chromatic entropy

of a skin-masked image, also termed as skin-chroma entropy (F;) can be used as a measure for
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probable false acceptance error. The parameter E, can be obtained as:

> nx(y) log (nfé—if))

YyeyY

= 4.26
Ny - log(255%) (4.26)
where,
ye {Y : Pffé"(y) > 981)} 3 (4.27)
and
4 P(S)-G'(X
P () = ) A (1.28)

P(S)-GI(X)+ P(NS) - G9%(X)
Here, nx(, is the number of count of colour vector X(y) and Ny is the total number of pixel
locations in Y. The threshold 6, is obtained by using Otsu’s method [I16]. Similarly, a face-
masked version of I; i.e., If4c is obtained by applying a face mask derived by using the Viola
and Jones algorithm [125]. Let, E; be the chromatic entropy of If4.. Ideally, E; should be
equal to Ey. However, in practice I4;, may contain skin-like coloured background regions along
with some of the true skin regions. So, E; > E; in presence of skin-like background colours.

Thus, we express the parameter 7 as:

1 -
Ep\"? Ey | Ey
= — = — - == 4.2
. [Z<E> ] 2+ (4.29)
where, n = 0,1,2,.... As the ratio % < 1, higher order powers (n > 2) are neglected.
Table 4.1: Detection results for different values of ¢p,qs
Pmaw 0 fp,avg (Y0) O fn.avg (%0) Ot,avg (%) Avg. Acc.
0° 6.41 14.34 20.75 0.9250
10° 6.04 9.48 15.52 0.9362
20° 5.78 8.19 13.97 0.9404
30° 7.00 8.29 15.29 0.9301
40° 11.09 8.93 19.62 0.8959
50° 11.52 7.92 19.44 0.8934
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Figure 4.10: Video-wise comparison between OBD and MBD.
Table 4.2: Comparative analysis for OBD and MBD
Method dppavg (70)  Ofnavg (%0)  Otavg (%o) Avg. Acc.
SPM fina using OBD 6.13 11.28 17.41 0.9326
SPM¢inq using MBD 5.78 8.19 13.97 0.9404

4.3.2 Experimental validation

At first, we examine the effect of ¢,,,. on detection results. For this, detection errors are
calculated by varying ¢,.q.., and the results are given in Table [4.1l It is observed that when
Omae = 0°, average false negative error dy, g is maximum. For ¢,,, = 0°, the parameter
&= %. This implies that some of the clusters corresponding to the true skin pixels in G are
included in LBDM, and/or excluded from MSDM. In either of these conditions, clusters whose
centroids are very close to that of FSDM are only selected as skin clusters. An increase in
Gmaz value makes more skin-like clusters to be excluded from the background model, and/or
included in MSDM. Thus, false negative error reduces with an increase in ¢,,,, value. However,

this increases the chance of false acceptance error. Some of the clusters of skin-like background
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Table 4.3: Comparative analysis of different methods

Method Stpavg (70)  Ofnavg (%)  Otawg (%)  Avg. Acc.
Bayes classifier [13] 19.69 34.22 53.91 0.7842
SDDMA [128] 4.71 58.08 62.80 0.8710
ASSC [21] 8.57 25.85 34.42 0.8919
DSPF [9] 21.67 22.37 44.04 0.7832
SASC [22] 11.70 45.15 56.84 0.8470
FSPM [23] 16.85 13.17 30.02 0.8373
FSDM + FBDM 5.33 15.14 20.47 0.9345
FSDM + MSDM + FBDM 5.78 8.19 13.97 0.9404

Ofp = false positive error rate; dfn = false negative error rate;  &; =

total detection error rate = 65, + 5 Ace. = Accuracy

pixels can be included in MSDM and/or excluded from LBDM if the ¢,,q, is increased further.
For example, the average false positive error 0, ., increases significantly for an increase in
®Omae from 20° to 40°. On the other hand, the average false negative error ¢y, 4,4 decreases
significantly for an increase in ¢,,,, from 0° to 20°. It is also observed that for ¢,,,. > 20°, the
average total detection error d; 4., for all the videos becomes the lowest. Hence, ¢,,q, value is
fixed at 20° for the remaining analysis.

A comparative analysis is also performed between the original Bhattacharyya distance
(OBD) and the proposed Modified Bhattacharyya distance (MBD). Detection errors are cal-
culated by both OBD and MBD. As mentioned in Eq. A8 the maximum value of MBD is
fixed by OBD. The comparison between the OBD and the MBD in calculating SPM is Shown
in Table 42 In contrast to OBD, detection errors reduce due the application of MBD. This
validates the efficacy of the proposed MBD in skin detection.

Finally, the proposed method is compared with the state-of-the-art methods, such as — Bayes
classifier [13], Fast propagation-based skin segmentation (FPSS) [14], Adaptive seed-based skin
classification (ASSC) [21], Skin detection by dual maximization of detectors agreement (SD-
DMA) [128], Discriminative Skin-Presence Feature (DSPF) [9], Stacked Autoencoders-based
skin classification (SASC) [22], and Fusion-based Skin Probability Map (FSPM) [23]. The de-
tection results obatined by different methods are given in Table[4.3l The Bayes classifier method
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Figure 4.11: Comparative bar plots for different videos: (a) d; for different videos, and (b) Accuracy
for different videos.
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Figure 4.12: ROC plots for different videos (1-6).

proposed by Jones and Rehg [13] is considered as a benchmark. For training, the method needs

a set of skin and non-skin pixel samples, which are obtained globally. However, the accuracy

of this method is totally dependent on the training sample set. The Jones & Rehg’s method
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Figure 4.13: ROC plots for different videos (7-9).

produces more false negatives as compared to our proposed method. In order to compare the
SDDMA method with the proposed method, it is trained with Npz number of labelled initial
frames of 9 videos (In total, 9 x Nyp frames). However, SDDMA fails significantly in detecting
true skin regions. It produces highest false negatives among all the benchmark methods. The
DSPF method can give comparatively better results than the standard SPM, and it gives a
discriminative space-based skin map. The DSPF method mostly relies on SPM derived from
global training samples, and thus it is not adaptive to local environmental conditions of an
image.

As human facial colour almost resembles the overall skin colour of a person, face detection-
based skin model adaptation technique can give superior skin detection performance. The ASSC

method uses adaptive seeds for skin region growing. The adaptive seeds are derived from a
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Figure 4.14: Comparative detection results for minimum 0y qy: (a) Original frames, (b) Jones and
Rehg [13], (c) ASSC [21], (d) DSPF [9], (e) SASC [22], (f) FSPM [23], (g) Proposed method , and (h)
Groundtruth. Here, white colour represents true positive, black colour represents true negative, red
colour represents false positive, and green colour represents false negative.
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local skin model (derived from facial skin pixels). The ASSC method relies on a standard
SPM for region growing, and hence, it is unable to detect many true skin pixels. So, this
method produces higher false negative errors than the proposed method. The FSPM-based
method gives better detection accuracy by utilizing image pixel distribution information to
derive a local SPM (LSPM). The LSPM is later fused with the original or global SPM to get
the FSPM. The FSPM is able to detect more true skin pixels as compared to other benchmark
methods. In our method, the combination of FSDM and FBDM gives a static skin detection
model for videos. The incorporation of MSDM makes the skin detection model adaptive to local

illumination changes, and a dynamic skin detection model for videos is obtained. The static
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Figure 4.15: Comparative detection results for maximum accuracy: (a) Original frames, (b) Jones
and Rehg [13], (c) ASSC [21], (d) DSPF [9], (e) SASC [22], (f) FSPM et al. |23], (g) Proposed method ,
and (h) Groundtruth. Here, white colour represents true positive, black colour represents true negative,
red colour represents false positive, and green colour represents false negative.
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model is prone to produce more false rejections as compared to its dynamic counterpart. The
dynamic adaptation of the proposed MSDM for local illumination changes makes the proposed
system more robust to unconstrained illumination and background conditions. In Fig. [L.12-
[4.13] comparative ROC plots are shown for different videos. In Fig. L.I4HAT5l the detection
results are shown for all the test videos. It is evident from all the experiential results that the
proposed method can detect skin regions in a video more accurately than the existing standard

methods even in the presence of local colour deformations.
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4.4 Summary

Segmentation of skin regions is a necessary step for various vision-based Human-Computer
Interaction (HCI) applications. However, detection of skin regions in videos is a challenging
problem when the shading of other body parts causes local chromatic variations even if the
global illumination remains constant. In this paper, a skin detection algorithm is proposed
which dynamically adapts to local skin colour variations. The proposed skin detection method
has three major components — a facial skin pixel distribution model (FSDM) for user-specific
skin modelling, a video specific local background distribution model (LBDM), and a moving
skin-pixel distribution model (MSDM) for detection of skin regions affected by local colour
deformations due to the motion of body parts. The FSDM is derived by using a set of facial
pixels from initial frames of a video. The LBDM is derived from the FSDM and a global
background distribution model (GBDM). A modified version of the Bhattacharyya distance
(MBD) is employed to measure similarity between two distribution models. Subsequently, a
fusion-based background distribution model (FBDM) is derived by utilising GBDM and LBDM.
The MSDM gives the distribution of moving skin pixels. The final skin detection model is
derived by utilising FSDM, MSDM and FBDM. As the MSDM is updated at every keyframe,
the proposed skin model becomes adaptive to local illumination changes. From the experimental
results, it is evident that the use of MBD produces comparatively less detection errors. One
important research direction would be the detection of skin regions affected by both local and

global illumination variations.
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Conclusions and Future Work

There is a humbling amount of past works on skin segmentation. This dissertation describes our
proposed skin segmentation algorithms for various uncontrolled environments, such as presence
of skin-like colours in background, non-uniform and dynamic illumination. In our method, mul-
tiple local skin model adaptation schemes have been proposed by utilizing chromatic and textural
features. Also, a dynamic region growing scheme has been proposed for additional reduction in
detection errors. This chapter reflects on these contributions, discusses future work for skin
detection, and concludes. We hope that the future skin detection algorithm developers find our
contributions useful, and get benefited from our local skin model adaption schemes without hav-

ing to reinvent their own.
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5.1 Summary

In the beginning of this thesis, challenges faced by computer vision community in detecting
skin regions are mentioned. These challenges include presence of skin-like colours in background,
non-uniform illumination (static), and varying illumination (dynamic). In this research work,
we have proposed multiple frameworks for skin detection using chromatic and textural features
to overcome some of the above-mentioned challenges. The main goal of this dissertation is to
obtain skin detection methods which can be used as a pre-processing step for different HCI
applications in an uncontrolled environment.

In summary, this thesis addresses the following issues:

e Extraction of image specific discriminative features between skin and non-skin regions of

an image for skin detection in presence of skin-like background colours.

e Development of an image specific discriminant analysis approach to handle marginal inter-

class overlapping of skin pixel samples of the training dataset.

e Development of a skin region growing approach for an image by using a local adaptation

scheme.

e Development of a local skin model adaptation scheme for a global skin detection model

by utilizing image pixel distribution information.
e Development of a video-specific background model for skin detection in videos.

e Development of a detection scheme for skin regions having local colour deformation due

to motion.
The main contributions of the thesis can be summarized as follows:

e An image specific discriminative feature extraction method is proposed for better dis-

crimination between skin and non-skin regions.
e A measure termed as skin-chroma entropy is proposed to estimate false acceptance error.

e A dynamic region growing (DRG) method is proposed for additional reduction in detection

errors. The extent of region growing depends on skin-chroma entropy value of an image.
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e An image pixel distribution information is employed for deriving an adaptive skin model.

A video specific background pixel distribution model is proposed.

A moving pixel distribution model (MSDM) is proposed for moving skin regions.

A modified version of the Bhattcharyya distance is proposed for better similarity mea-

surement between an unknown skin distribution and a reference skin distribution.

A skin detection model is proposed by utilizing the Facial Skin Distribution Model
(FSDM), the Moving Skin pixel Distribution Model (MSDM), and the Fusion-based Back-
ground Distribution Model (FBDM) to detect skin regions in videos.

The summary of all the chapters of this dissertation is highlighted as follows:

i) Chapter 1 provides a brief description of a typical skin detection method and its differ-
ent components, such as usable colour spaces and classifiers. It also reviews existing skin
detection methods. The existing skin detection techniques can be grouped into following
two main categories: a) static framework-based approaches, and b) dynamic framework-
based approaches. Static framework-based approaches were primarily developed for both
images and videos having static background and fixed illumination conditions. On the
other-hand, dynamic framework-based methods were primarily developed for videos when
illumination varies among the frames either globally or locally. The static framework-
based methods can be further grouped into following three sub-categories based on their
classification approaches: a) explicit boundary specification of colour components, b) skin
classification using parametric modelling of skin colour distribution, and c¢) skin classi-
fication using non-parametric modelling of skin colour distribution. Explicit boundary
specification of colour components is the simplest and the fastest approaches among all
these approaches. However, the method cannot produce satisfactory results due to lack
of generalization and rigidity in structure. Parametric modelling-based methods use less
data for generalization, it and they are computationally less complex than non-parametric
modelling-based approaches. Non-parametric approaches are either based on a histogram-
based pixel distribution approximation or different supervised classifiers, such as non-liner
SVM, ANN, Random Forest. Supervised classifiers need labelled training data, and hence,

any inter-class similarity in training data can result in an inaccurate modelling of input
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ii)

iii)

iv)

data. Also, the training procedures are computationally expensive for these classifiers than

the parametric modelling. All these approaches are elaborately discussed in Chapter 1.

In Chapter 1, challenges of skin detection approaches are also discussed. Major challenges
include - presence of skin like colours in background, chromatic deformation in skin ap-
pearance due to non-uniform or time-varying illuminations. Finally, Chapter 1 is ended

up with motivation, objectives, and the organization of the thesis.

Chapter 2 focuses on developing a method for extracting discriminative features between
skin and non-skin regions of an image. This is accomplished by extracting two sets of
sample pixels, out of which one contains mostly skin pixels and another contains mostly
non-skin pixels. Subsequently, an adaptive discriminative analysis (ADA) has been pro-
posed to find the discriminative features using these two sample sets. A skin region growing
scheme with dynamic adaptation to image properties is proposed for additional reduction
in detection errors. The performance of the proposed method is evaluated using standard
databases, and it is observed that the proposed method can provide better result than

state-of-the-art methods.

Chapter 3 explores an use of image pixel distribution information in the context of skin
detection. A GMM is used to approximate the pixel distribution of an image, which is
also termed as image distribution model (IDM) in a given colour space. Subsequently,
a local skin detection model is derived by using the similarity between the IDM and a
reference skin distribution model. The reference skin model is derived by using a set
of skin pixels belonging to the facial region of a person. Finally, a fusion-based skin
probability map (FSPM) for the image is obtained by fusing an SPM derived from the
local skin detection model with another SPM derived from a global skin detection model.
The proposed dynamic region growing (DRG) algorithm is applied on the FSPM for a
more accurate skin detection. The efficacy of the proposed method is tested by using a
set, of standard datasets. Experimental results show that the proposed method can detect

skin regions in images more accurately than the state-of-the-art methods.

Chapter 4 describes a skin detection method for videos under local colour deformation
of skin regions. Local skin colour deformation may occur due to non-uniform illumination

caused by the motion of hands or other body parts. The proposed method updates the skin
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model dynamically at the frames having significant chromatic changes. The performance of
this method is evaluated on a set of manually annotated sign language videos. Experimental
results show that the proposed method can significantly improve the overall skin detection

accuracy in videos under uncontrolled background and lighting conditions.

5.2 Future Work

Our proposed work addressed a number of existing issues of skin colour detection and

segmentation. It also points to certain areas which could benefit from further research.

e First of all, my work did not explicitly address the issues of detecting skin regions in a

video when the background is dynamic.

e Accurate segmentation of skin regions of video frames under a combined effect of global
and local illumination changes is a major challenge in real-life applications, and this could

be an important research direction.

e Our proposed methods used contextual information of an image or a video to obtain
self-adaptive skin models. However, these models depend on manually selected chromatic
and textural features. On the other hand, deep learning-based architectures are capable
of extracting low level to high level features automatically for difference computer vision
applications. Therefore, future work could be motivated towards an incorporation of the

proposed local adaptation schemes onto a deep-learning-based architecture.
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