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Abstra
t

Skin dete
tion is an important step in various image pro
essing and vision-based Human-

Computer Intera
tion (HCI) appli
ations. It is the pro
ess of �nding skin-
oloured pixels and

regions in an image or a video. Segmenting skin from real-world images is a di�
ult task even

though human skin is known to possess a unique 
olor range. The major 
hallenges of skin

dete
tion in images are � presen
e of skin-like 
olours in ba
kground and 
hanges in 
hromati


appearan
e of skin regions due to non-uniform illumination. In addition to these problems,

dete
tion of skin regions in videos is more 
hallenging in presen
e of time-varying illumina-

tion 
onditions and dynami
 ba
kgrounds. Motivated by these fa
ts, we have proposed a set of

skin dete
tion algorithms for di�erent environmental 
onditions using 
hromati
 and textural

properties of skin regions.

Standard skin probability map (SPM) 
an not perfe
tly dis
riminate skin and non-skin re-

gions in the above mentioned 
onditions. To over
ome limitations of SPM, a new probability

map termed as dis
riminative spa
e map (DSM) is proposed by extra
ting most dis
riminative

features between skin and non-skin regions. A novel adaptive dis
riminative analysis (ADA) is

proposed to extra
t most dis
riminant features between skin and non-skin regions from an im-

age itself in an unsupervised manner. Subsequently, a dynami
 region growing (DRG) method

is employed to allow skin regions to grow dynami
ally. The DRG 
ontrols false dete
tion by

restri
ting the region growing pro
ess. Experimental results show that the proposed method 
an

e�
iently segment out skin pixels in un
ontrolled environments.

Our earlier proposed method assumes that the biggest skin-
oloured region in an image be-

longs to a
tual skin region. Also, our earlier proposed method 
annot perfe
tly handle non-

uniform illumination as improper illumination makes skin regions to appear darker than its

a
tual tone. To address these issues, a novel skin dete
tion method is proposed by utilising

an image pixel distribution model (IDM), whi
h is derived using a Gaussian Mixture Model

(GMM) in a given 
olour spa
e. In this method, a lo
al skin distribution model (LSDM) and

a lo
al ba
kground distribution model (LBDM) are derived by exploiting the similarity between

the IDM and a referen
e skin pixel distribution model. The referen
e skin model is derived

from a set of fa
ial skin pixels, and it is termed as fa
ial skin distribution model (FSDM). A

lo
al skin probability map (LSPM) 
an 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 redu
tion in dete
tion errors. Experimental

results show that the proposed FSPM 
an better dis
riminate skin regions from non-skin regions

as 
ompared to state-of-the-art methods for skin dete
tion in images.

The proposed FSPM-based skin segmentation method is appli
able for a video when the

ba
kground is stati
 and the ambient illumination does not 
hange for all the frames of the video.

However, the 
hromati
 appearan
e of skin regions may 
hange lo
ally due to lo
al shading e�e
ts

on a

ount of the motion of body parts. To address this spe
i�
 issue, a dynami
 adaptation

s
heme is proposed to dete
t skin regions whi
h are a�e
ted by lo
al 
olour deformations. The

proposed method has two modules � a stati
 module for dete
tion of stati
 skin regions; and

a dynami
 module for dete
tion of moving skin regions. The stati
 module 
onsists of an

FSDM and a video spe
i�
 ba
kground model. The video spe
i�
 ba
kground model termed as

fusion-based ba
kground distribution model (FBDM) is obtained using an LBDM and a global

ba
kground distribution model (GBDM). The LBDM for this method is obtained by 
onsidering

the similarities of a frame pixel distribution model (equivalent to IDM) with the FSDM and the
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GBDM. Subsequently, the FBDM is derived by using the LBDM and the GBDM. In the dynami


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 dete
ted using a modi�ed double

frame-di�eren
e method. An initial model for these moving skin regions is obtained by using a

GMM. However, some ba
kground regions 
an also be falsely dete
ted as skin regions during the

moving obje
t dete
tion pro
ess. The �nal MSDM is obtained by performing a �ltering pro
edure

based on similarities of the initial moving skin model with the FSDM and the FBDM. Finally,

the stati
 and the dynami
 modules are fused by following a maximisation rule. Experimental

analysis shows that the proposed skin dete
tion method 
an dete
t skin region more a

urately

than the state-of-the-art methods when there exist lo
al 
hromati
 variations of skin appearan
e.
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1
Introdu
tion

Skin dete
tion plays a very signi�
ant role in various image pro
essing and Human-Computer

intera
tion (HCI) appli
ations. In reality, human skin 
olour has a narrow range of tone,

and that is why they 
luster in a narrow region in di�erent 
olour spa
es. This unique 
olour


hara
teristi
 of human skin makes 
olour-based skin segmentation very useful. This thesis


ontributes to the resear
h and development of skin dete
tion in images and videos from three

aspe
ts: a) fusion of lo
al skin model derived using fa
ial pixels with another skin model derived

using global skin samples, b) extra
tion of image spe
i�
 dis
riminative feature to derive a

dis
riminative feature spa
e for the skin and the non-skin pixels, and 
) extension of the �rst

method for videos and time-varying lo
al 
olour deformations. Experimental results on publi
ly

available databases show that the e�e
tiveness of the proposed approa
hes for the skin dete
tion

in di�erent environments. This 
hapter gives an overview of the skin dete
tion problem, its

appli
ations, and the major 
hallenges in this resear
h. Finally, the organization of the thesis

is presented at the end.

1
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1. Introdu
tion

1.1 Skin Segmentation

Skin 
olour and textures are vital signs that individuals utilize intentionally or unknowingly

to dedu
e assortment of 
ulture-related viewpoints about ea
h other. They 
an be an indi
ation

of ra
e, well-being, age, ri
hes, magni�
en
e, and so on [24℄. However, these interpretations are

subje
tive and vary over di�erent 
ultures and ethni
ities. Skin segmentation implies automati


dete
tion of skin-
oloured like regions in images and videos. Resear
hers showed signi�
ant

attention towards skin 
olour information owing to its 
omputational e�
ien
y, robustness

against rotations, s
aling and partial o

lusions. Figure 1.1 shows a pro
ess to dete
t skin

(a) (b) (
)

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


oloured regions. A

urate dete
tion of skin regions is a very 
hallenging resear
h problem due

to various fa
tors, su
h as

1

:

• Illumination: Skin 
olour appearan
e may 
hange signi�
antly under varying illumination


onditions (e.g. indoor, outdoor, highlights, shadows, non-white lights). This may 
ause

serious degradation in overall dete
tion performan
e.

• Skin-like ba
kground: The presen
e of skin-like 
olours in the ba
kground degrades the

dete
tion performan
e. The non-skin regions may be falsely 
lassi�ed as skin regions due

their 
olour resemblan
e to a
tual skin tone.

• Camera 
hara
teristi
s: The skin 
olour distribution of a person may look di�erent in

images 
aptured by di�erent 
ameras even in a standard illumination 
ondition. This is

due to the fa
t that sensor 
hara
teristi
 
hanges with illumination.

1

This work has been published in IET Computer Vision, 2017. (Refer item 2 in Page 117 for details)

2
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1.1 Skin Segmentation

• Ethni
ity: Human skin 
olour varies signi�
antly among persons belonging to di�erent

ethni
 groups or di�erent regions. For example, an Asian person has lighter skin tone

than a typi
al Afri
an person. On the other hand, Cau
asian people have more white o�

reddish skin tone.

• Individual 
hara
teristi
s: Skin tone of a person also varies with age. Also, the skin tone

may 
hanges due to ex
essive or extensive sun-exposure of body parts.

Skin dete
tion and segmentation is an important resear
h problem as it has many diverse

appli
ations, su
h as:

i) Dete
tion and tra
king of various body parts, su
h as hands and fa
e for gesture re
ognition

and human-
omputer intera
tion [19, 25, 26℄.

ii) Obje
tionable 
ontent dete
tion and �ltering of web-based multimedia [27, 28℄.

iii) Feature extra
tion for 
ontent-based image retrieval [29℄.

iv) Region of interest-based image 
oding [30�33℄, and many more.

A

ording to Kawulok [8℄, there is a di�eren
e in the pro
ess of �skin dete
tion� and �skin

segmentation�. Skin dete
tion is a pro
ess where a pixel is treated as an independent entity

and it is 
lassi�ed as skin or non-skin based on its 
hromati
 properties. A skin dete
tion

pro
ess a
ts as a preliminary step to a skin segmentation pro
ess, where a higher level analysis

of di�erent regional properties of an image are used for a more a

urate extra
tion of a
tual

skin regions.

At �rst, this 
hapter gives a detailed overview of di�erent 
omponents of a skin dete
tor.

Se
tion 1.1.1 gives a detailed dis
ussion about di�erent 
olour spa
es for skin dete
tion, their

advantages and disadvantages. Se
tion 1.2 reviews di�erent 
lassi�ers and their appli
ability

in skin dete
tion. The standard evaluation pro
edure is dis
ussed in Se
tion 1.3. A detailed

overview of skin 
olour modelling algorithms and their extensions to a
hieve a

urate skin

segmentation is presented in Se
tion 1.4. This is followed by resear
h motivation in Se
tion

1.5, thesis obje
tives in Se
tion 1.6, and �nally, thesis organization is given in Se
tion 1.7.

3
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1. Introdu
tion

1.1.1 Colour spa
es for skin dete
tion

Human skin tone appearan
e is formed by a 
ombination of red 
olour of blood and melanin

(brown, yellow). This unique 
ombination makes the human skin to have a limited range of

hues with moderate saturation [34℄. Therefore, human skin 
olour does not s
atter randomly in

a given 
olour spa
e, but 
luster in a minimal region of a given 
olour spa
e. This unique 
olour


hara
teristi
 of human skin makes 
olour-based skin segmentation very useful. However, the


ompa
tness of the skin 
oloured 
lusters is not the same for all the 
olour spa
es. Multiple


olour spa
es are investigated in literature for skin dete
tion. The 
hoi
e of 
olour spa
es a�e
ts

the shape of the skin 
luster. This eventually a�e
ts the dete
tion a

ura
y. The dis
ussion is

intended to highlight the following points:

• For a given skin pat
h, the 
luster lo
ation in a given 
olor spa
e.

• For a given skin pat
h, the e�e
t of varying illumination on its 
luster lo
ation in a given


olour spa
e.

• The relation between the 
lusters, derived from a set of given skin pat
hes belonging to

di�erent people from the same ra
e in a given 
olour spa
e.

The answers to the above queries 
an be illustrated using Figures 1.2 and 1.3. Figure 1.2

shows 2D density plots for skin pixels for Asian people for di�erent 
olour spa
es. On the other

hand, Figure 1.3 shows density plots for skin pixels for di�erent ra
es, su
h as Asian, Afri
an

and Cau
asian plotted for di�erent 
olour spa
es.

1.1.2 RGB 
olour spa
e

RGB is the most frequently used 
olour spa
e for digital images. A 
olour 
an be represented

as an additive 
ombination of three primary 
olours: Red (R), Green (G) and Blue (B). The

RGB 
olour spa
e 
an be visualized as a 3-dimensional 
oordinate spa
e where, R, G, B are the

three mutually orthogonal axes. The major advantage of the RGB spa
e is its availability, as

almost all the visual light image sensors produ
e images in RGB 
olour. This makes RGB as

the most primitive 
olour spa
e in Computer Vision. However, the 
olour representation is not

segregated into luminan
e and 
hrominan
e 
omponents, and all the three 
olour 
omponents

R, G, B are highly 
orrelated to ea
h other. For example, 
hanging the luminan
e 
omponent

4
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Figure 1.2: Density plots of Asian skin for di�erent 
olor spa
es [1℄

(average of the three 
olours) also 
hanges the RGB values of pixels. Therefore, a varying

illumination 
an a�e
t all the RGB elements of a pixel belonging to a skin pat
h. This eventually

results in a 
hange of lo
ation of the skin 
luster in the RGB spa
e. For example, the plots

in the �rst row of Figure 1.2 are obtained from a set of skin pixels belonging to Asian people

under random illumination 
onditions. The spread of skin-
olour 
luster in RGB spa
e shows

the e�e
ts of illumination 
hange on pixel's RGB 
omponents. On the other hand, skin 
olour

varies signi�
antly among di�erent ra
es. The primary reason for skin tone variation is due to

5
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Figure 1.3: Density plots of Asian, Afri
an and Cau
asian skin for di�erent 
olour spa
es [1℄
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1.1 Skin Segmentation

the variations of the amount of melanin present in the skin of people belonging to di�erent ra
es.

For example, Afri
an people have more melanin 
on
entration than Cau
asian people. Hen
e, as

shown in the �rst row of Figure 1.3, the skin-
olour 
lusters of di�erent ra
es lo
ate in di�erent

lo
ations in a given 
olour spa
e. Despite these fundamental limitations, the RGB 
olour spa
e

is extensively used in skin dete
tion te
hniques be
ause of its simpli
ity. For example, Jones

and Rehg [13℄ used RGB 
olour spa
e for skin dete
tion, and their experimental results are

treated as a ben
hmark in the domain of skin dete
tion.

1.1.3 TV 
olour spa
es

In television broad
asting te
hnology, orthogonal 
olour spa
es are used, su
h as YUV,

YIQ, and YCbCr 
olour spa
es. Out of these 
olour spa
es, YUV is employed in NTSC TV

broad
asting, YUV is used for video en
oding and YIQ is used in JPEG image 
ompression and

MPEG video 
ompression. All these 
olour spa
es 
an be obtained using a linear transformation

of RGB spa
e.

1.1.3.1 YIQ

YIQ 
olour model is the NTSC standard for analog video transmission. In YIQ 
olour

model, Y stands for intensity, I is the in-phase 
omponent along the orange-
yan axis, and Q is

the quadrature 
omponent along the magenta-green axis. The Y 
omponent is de
oupled as the

signal has to be made 
ompatible to both mono
hrome and 
olour television. The relationship

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











Y

I

Q











=











0.299 0.587 0.114

0.596 −0.274 −0.322

0.211 −0.523 0.312





















R

G

B











(1.1)

The YIQ model is designed to take advantage of human visual system's greater sensitivity to


hanges in luminan
e than to the 
hanges in hue or saturation. Luminan
e is proportional

to the amount of light per
eived by the eye. So, the importan
e of YIQ model is that the

luminan
e 
omponent of an image 
an be pro
essed without a�e
ting its 
olour 
ontent.

7
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1. Introdu
tion

1.1.3.2 YCbCr

This is an international standard for studio-quality video. In this, Y is the intensity 
orre-

sponding to YIQ model while Cb and Cr are so sele
ted that the resulting s
heme is e�
ient

for 
ompression (Less spe
tral redundan
y between Cb and Cr, i.e., 
oe�
ient are less 
orre-

lated). This 
olour model is derived in su
h a way that it a
hieves maximum de
orrelation.

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











Y

Cb

Cr











=











16

128

128











+











0.257 0.504 0.098

−0.148 −0.291 0.439

0.439 −0.368 −0.071





















R

G

B


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(1.2)

Some of the major reasons for using YCbCr 
olour spa
e in skin segmentation are given as

follows:

• In YCbCr, the luminan
e 
omponent (Y ) is independent of 
hromati
 
omponents. This

makes the YCbCr 
olour spa
e suitable for handling the illumination variation problem

in skin dete
tion.

• The skin 
olour 
luster shows more 
ompa
tness in YCbCr spa
e as 
ompared to other

spa
es [4℄.

• In YCbCr spa
e, skin and non-skin 
olours show minimum overlap under di�erent illu-

mination 
onditions [36℄.

The YCbCr 
olour spa
e has been frequently used by many resear
hers in skin 
olour dete
tion,

su
h 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 luminan
e 
omponent (Y ) is independent of 
hromati
 
omponents U and V to redu
e

the e�e
t of lighting variations. The relationship between the YUV and RGB model is given

below [35℄:











Y

U

V











=











0

128

128











+











0.257 0.587 0.114

−0.147 −0.289 0.436

0.615 −0.515 0.100





















R

G

B











(1.3)
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1.1 Skin Segmentation

Some of the skin dete
tion methods using YUV 
olour spa
e are given in [35, 41, 42℄.

One of the major advantages of using these 
olour spa
es for skin dete
tion is that the

majority of multimedia 
ontent (image/video) are already en
oded using one of them. The

ability of these 
olour spa
es in separating the luminan
e 
omponent (Y ) from the orthogonal

dominan
e 
omponents (U − V , I − Q, Cb − Cr) 
an help in redu
ing the e�e
t of varying

illumination 
onditions on skin 
olour appearan
e during skin dete
tion. Skin 
olours typi
ally

form a 
ompa
t 
luster with an ellipti
al shape in 2D 
hromati
 spa
es as shown in Figure

1.2-d,e,f. So, negle
ting the luminan
e 
omponent makes a skin dete
tor less sus
eptible to

illumination variations. From the shapes of the density plots in 2D 
hrominan
e spa
es, it is

evident that the densities 
an be easily modelled as a multivariate Gaussian distribution for

a single ra
e. It is also observed from Figure 1.3 that the skin 
olour 
lusters belonging to

di�erent ra
es show signi�
ant overlapping with one another. Hen
e, skin dete
tors, whi
h are

based on these 
olour spa
es 
an perform well irrespe
tive to the ra
es.

1.1.4 Per
eptual 
olour spa
es

In skin dete
tion, another type of 
olour spa
es are used, whi
h are termed as per
eptual


olor spa
e, su
h as HSI, HSV/HSB, and HSL(HLS). In these 
olour spa
es, 
olour is represented

using three 
omponents Hue (H), Saturation (S), and brightness (I, V , or L). The main

di�eren
e of these 
olour spa
es with TV transmission-based 
olour spa
es, su
h as YCbCr,

YIQ is that the former 
olour spa
es are obtained by using a non-liner transformation from

RGB spa
e, whereas TV transmission-based 
olour spa
es use linear transformation. One of the

major advantages of using these 
olour spa
es in skin dete
tion is that a skin 
olour boundary

with respe
t to H and S 
an be spe
i�ed intuitively by a user. The brightness 
omponents I,

V or L are independent of 
hromati
 
omponents H and S. Hen
e, they 
an be dropped to

redu
e the e�e
t of illumination 
hange on skin 
olour during skin dete
tion. Some of the skin

dete
tion methods whi
h use these 
olour spa
es are given in [43�45℄.

1.1.5 Colorimetri
 
olour spa
es

The luminan
e-
hrominan
e separation 
an also be a
hieved by using International Com-

mission on Illumination (Commission Internationale d E
lairage - CIE) de�ned 
olour spa
es,

su
h as CIE-XYZ, CIE-xy, CIE-Lab. The CIE-XYZ 
olour spa
e was spe
i�ed in 1920 as one of

9
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Figure 1.4: Chromati
ity diagram for CIE-xy 
olour spa
e. The boundary shows the spe
tral (or

mono
hromati
) lo
us with wavelength in nanometres (pi
ture 
ourtesy : WIKIPEDIA)

the primitive mathemati
ally de�ned 
olour spa
e. The 
olour model is based on human visual

per
eption, and it is used as the foundation for other 
olorimetri
 spa
es. It 
an be derived

from the RGB 
olour spa
e following a linear 
oordinate transformation. In CIE-XYZ, the Y


omponent represents the luminan
e whereas X and Z represent the 
hromati
ity 
omponents.

The values of X and Y 
an be derived by a 
entral proje
tion into the plane X + Y + Z = 1

followed by a proje
tion into the XY plane. This results in a horse-shoe-shaped 
hromati
ity

diagram in CIE-xy plane as shown in Figure 1.4. One of the limitations of the CIE-XYZ and

CIE-xy 
olour spa
es is that the di�eren
es in 
olour are not per
eived uniformly over the 
olour

spa
e. The CIE-Lab 
olour model separates the luminan
e and 
hrominan
e 
omponents of a


olour as L and a-b. The density plots in 
hromati
 spa
e a-b for skin 
olours of di�erent ra
es

are shown in Figure 1.3. Only a few of the skin dete
tion methods [46�49℄ used CIE 
olour

spa
es on a

ount of 
omputational 
omplexity in the transformation from RGB to CIE 
olour

spa
es.

10
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tion

1.2 Classi�ers for Skin Dete
tion

Many resear
hers have used di�erent 
lassi�ers in 
lassifying skin and non-skin pixels, su
h

as Bayesian 
lassi�er, Support Ve
tor Ma
hine (SVM), Arti�
ial Neural Networks (ANN),

de
ision trees like Random Forest, k-Nearest Neighbour (kNN) et
. A brief dis
ussion about

these 
lassi�ers is given below.

1.2.1 Histogram model with Naïve Bayes 
lassi�er

One of the most frequent used 
lassi�er in skin dete
tion is a Naïve Bayes Classi�er or simply

Bayes Classi�er. The Bayes 
lassi�er 
lassi�es a pixel as skin or non-skin if the a posteriori

probability of a given pixel,

P (Skin|X) ≥ θ (1.4)

where, X is the 
olour ve
tor for a given pixel and θ ∈ [0, 1]. Now, from the Bayes law, a

posteriori probability as given in eq. 1.4 
an be expressed as,

P (Skin|X) =
P (Skin)P (X|Skin)

P (Skin)P (X|Skin) + P (Non− skin)P (X|Non− skin)
(1.5)

where, P (X|Skin) and P (X|Non − skin) are skin and non-skin likelihoods for pixels respe
-

tively, and P (Skin) and P (Non − skin) are the 
orresponding priors. For a given set of skin

and non-skin histograms, the skin and non-skin likelihoods 
an be obtained as:

P (X|Skin) =
s (X)

Ts
, P (X|Non− skin) =

n (X)

Tn
(1.6)

where, s (X) and n (X) are pixel 
ounts in the 
olourX-bin of the skin and non-skin histograms,

respe
tively. Ts and Tn are the total 
ounts in skin and non-skin histograms. Therefore, the

skin prior P (Skin) and the non-skin prior P (Non− skin) 
an be approximated as:

P (Skin) =
Ts

Ts + Tn
, P (Non− skin) = 1− P (Skin) (1.7)

Some of the state-of-the-art skin dete
tion methods whi
h use Bayes 
lassi�er are given in

[13, 34, 37, 50, 51℄

11
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1.2.2 Gaussian 
lassi�ers

In re
ent years, many of the skin dete
tion methods used a Gaussian or a mixture of Gaus-

sians for skin distribution modelling. The major advantage of these parametri
 models is that

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

1.2.2.1 Single Gaussian model

Under 
ertain illuminating 
onditions, the skin 
olour distribution of di�erent individuals

belonging to a parti
ular ra
e 
an be modelled by using a multivariate single Gaussian distri-

bution fun
tion [52, 53℄. The skin-
olour distribution is expressed as:

P (X) =
1

√

(2π)d |Σ|
exp

[

−
1

2
(X− µ)TΣ−1 (X− µ)

]

(1.8)

where, µ and Σ are the mean ve
tor and the 
ovarian
e matrix respe
tively; d is the 
olour

spa
e dimension. The pixel 
lassi�
ation is done by 
omparing the probability P (X) with a

given threshold value. The threshold value 
an be obtained from the ROC, whi
h is obtained

using a set of training data.

1.2.2.2 Gaussian mixture model

Human skin 
olour shows signi�
ant 
hromati
 variation among di�erent ra
es. So, multiple

modes 
an 
o-exist within the skin 
olour 
luster of di�erent people from di�erent ra
es, and

thus the 
olour distribution 
annot be modelled e�
iently using single Gaussian distribution

fun
tion [54℄. Also, illumination variation 
auses signi�
ant deviation of skin 
olour appear-

an
e. This 
an generate multiple modes in skin 
olour distribution, and thus single mode

assumption of skin 
olour distribution does not hold. Hen
e, many resear
hers used Gaussian

mixture models (GMMs) for skin 
olour distribution modelling to des
ribe 
omplexly shaped

distributions. The skin 
olour distribution 
an be modelled by using a Gaussian mixture model

with K number of Gaussian 
omponents as:

P (X |Ψ) =
K
∑

i=1

ωi × P (X |i;ψi ) (1.9)

12
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where

P (X |i;ψi ) =
1

√

(2π)d |Σi|
exp

[

−
1

2
(X− µi)

TΣ−1
i (X− µi)

]

(1.10)

In this, the parameters µi, Σi, ωi are the mean, the 
ovarian
e matrix, and the prior probability

weight for the ith Gaussian, respe
tively; Ψ = (ψ1, .., ψK) is the set of parameter ve
tors,

where ψi = {µi,Σi}. All these parameter values ex
ept K are obtained by the Estimation-

Maximization (EM) algorithm.

The EM algorithm iteratively �nds the maximum likelihood (ML) fun
tion:

L(X; Ψ) =

N
∏

n=1

P (Xn |ψi ) (1.11)

Here, X = {X1, ..,XN} is a set of sample ve
tors Xi. The above fun
tion is used to estimate

the model parameters, whi
h best des
ribe the distribution of data. The EM algorithm has

two steps, whi
h are:

• Expe
tation step:

In this step, the expe
ted value of the log-likelihood fun
tion is 
al
ulated as:

Q
(

Ψ
∣

∣Ψ(t)
)

= E
[

logL(X; Ψ)
∣

∣X,Ψ(t)
]

(1.12)

where, Ψ(t)
is the parameter set time t.

• Maximization step:

In this step, parameters are 
al
ulated that maximize the log-likelihood as:

Ψ(t+1) = argmax
Ψ

Q
(

Ψ
∣

∣Ψ(t)
)

(1.13)

Subsequently, the parameters of GMM are obtained as:

µ̂
(t+1)
i =

N
∑

n=1

XnP
(t) (i |Xn )

N
∑

n=1

P (t) (i |Xn )

, (1.14)

13
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Σ̂
(t+1)
i =

N
∑

n=1

(Xn − µ̂i) (Xn − µ̂i)
TP (t) (i |Xn )

N
∑

n=1

P (t) (i |Xn )

, (1.15)

ω̂
(t+1)
i =

1

N

N
∑

n=1

P (t) (i |Xn ) , (1.16)

P (t) (i |Xn ) =
ω̂
(t)
i P

(

Xn

∣

∣

∣
ψ

(t)
i

)

P (Xn |Ψ(t) )
. (1.17)

For proper 
onvergen
e, a good initial spe
i�
ation of K and other parameters is needed. A

k-Means 
lustering of the training data 
an provide the initial parameter values for the EM

algorithm. The skin 
lassi�
ation pro
ess is same as des
ribed for single Gaussian modelling.

1.2.3 Ellipti
al boundary model

The major limitation of GMMs is that they are 
omputationally expensive. To redu
e

the 
omputational burden, Lee and Yoo [55℄ proposed an �ellipti
al boundary model� as an

alternative to GMMs. In some restri
ted situations, it produ
es performan
e 
omparable to that

of GMMs with mu
h lesser 
omputational 
ost. The ellipti
al boundary model Φ = (X;ψ,Λ)

is de�ned as:

Φ (X) = [X− ψ]TΛ−1 [X− ψ] (1.18)

where,

ψ =
1

n

n
∑

i=1

Xi , (1.19)

Λ =
1

N

n
∑

i=1

fi (Xi − µ)(Xi − µ)
T , (1.20)

In this, Xi is the i
th

distin
tive 
hrominan
e ve
tor and fi is the number of samples having


hrominan
e ve
tor Xi; n is the number of distin
tive 
oloured pixels in training data. Here,

N =
n
∑

i=1

fi and µ = 1
N

n
∑

i=1

fiXi.

For 
lassi�
ation, the value Φ (X) is 
ompared with a threshold θ. If Φ (X) ≥ θ the 
orre-

sponding pixel is 
lassi�ed as skin, and non-skin otherwise.
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1.2.4 Arti�
ial neural network

An ANN is a biologi
ally inspired statisti
al learning algorithm for fun
tional approximation,

pattern re
ognition, and 
lassi�
ation. ANNs 
an be used as a supervised 
lassi�er for skin


lassi�
ation. Training is performed using a set of labelled input skin and non-skin pixels

in a given 
olour spa
e. The ANN 
lassi�es new input patterns within the labelled 
lasses.

In a feed-forward ANN, an iterative weight update is performed through a gradient des
ent

algorithm, also termed as the ba
k-propagation algorithm. In the training phase, the network

pro
esses its inputs in a feed-forward fashion. Subsequently, resulting outputs are 
ompared

with their expe
ted values, and resultant errors are ba
k-propagated to update the weights

a

ording to their 
ontributions to the overall error. The performan
e of an ANN is primarily

dependent on two fa
tors � number of hidden layers and number of hidden nodes. Therefore,

an extensive tuning is needed for an ANN to get its optimal performan
e. In skin dete
tion, the


lass 
onditional distributions for skin and non-skin pixels are learned by the neural networks

during the training. Some of the skin dete
tion methods whi
h use ANN are given in [56�59℄.

1.2.5 Support ve
tor ma
hine

Some resear
hers, su
h as Casiraghi et al. [60℄, S
hettini et al. [61℄ used Support Ve
tor

Ma
hine (SVM) 
lassi�er [62℄ for skin 
lassi�
ation. SVMs were originally designed for two-


lass 
lassi�
ation, and thus it is suitable for skin and non-skin 
lassi�
ation. If data are

linearly separable, SVM �nds a hyperplane whi
h separates two 
lasses with maximummarginal

distan
e. This method non-linearly maps the input data (if not linearly separable in 
urrent

feature spa
e) to some higher dimensional spa
e, where the data 
an be linearly separated.

This mapping from lower to higher dimensional spa
es makes the 
lassi�
ation simpler and

more a

urate.

1.2.6 Random forest

Tree-based 
lassi�ers are popular due to their intuitive appeal and easy training pro
edures.

Tin Ho [63℄ introdu
ed a Random Forest ar
hite
ture. The random forest is a 
olle
tion of

tree predi
tors where a random ve
tor governs ea
h of them. The random ve
tor is obtained

by independent sampling of the same distribution for ea
h of the trees [64℄. For an obje
t
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lassi�
ation, ea
h of the trees is fed with an input ve
tor, and the tree gives a �vote� to it for

a 
lass. The majority of votes de
ides the 
lass of the input ve
tor. Khan et al. [17℄ showed

that skin dete
tion 
an also be possible with the help of a random forest approa
h.

1.3 Evaluation Pro
edure

1.3.1 Evaluation metri
s

The performan
e of a skin dete
tion method 
an be measured based on four primary metri
s:

number of truly dete
ted skin pixels (i.e., true positives = TP ); number of truly dete
ted non-

skin pixels (i.e., true positives = TN); number of falsely dete
ted skin pixels as non-skin pixels

(i.e., false negatives = FN); and number of falsely dete
ted non-skin pixels as skin pixels (i.e.,

false positives = FN). From these values, following measures 
an be 
omputed:

• False positive rate: δfp = FP
FP+TN

i.e., the per
entage of non-skin pixels falsely 
lassi�ed

as skin [9℄.

• False negative rate: δfn = FN
FN+TP

i.e., the per
entage of skin pixels falsely 
lassi�ed as

non-skin [9℄.

• Total dete
tion rate: δt =
FP

FP+TN
+ FN

FN+TP
[9℄.

• Accuracy = TP+TN
TP+TN+FP+FN

[22℄.

In 
ase of non-binary 
lassi�
ation, where a pixel has a skin probability, the false positive

and false negative error rates are 
al
ulated based on a threshold. The false negative rate

de
reases with high threshold values. However, this in
reases the false positive rate. These two

errors 
an be related with the help of a re
eiver operating 
hara
teristi
s (ROC) 
urve [65℄. The

area under the ROC 
urve is used as a measure of e�e
tiveness of a skin dete
tion method [66℄.

1.3.2 Datasets

There are number of skin datasets for skin segmentation. One of the most frequently used

dataset is ECU fa
e and skin dete
tion dataset [65℄. The ECU dataset 
ontains 2 sets (ea
h


ontains 2000 images) of skin annotated images. The images in ECU dataset are 
aptured

in un
ontrolled 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℄ introdu
ed

another dataset for skin dete
tion, whi
h is named as hand gesture re
ognition dataset or HGR

dataset. The HGR dataset 
ontains three sets of skin annotated images, out of whi
h the �rst

set 
ontains 899 images, while the other two sets 
ontain 85 and 574 images respe
tively. All

the images in this dataset are 
aptured in an indoor but un
ontrolled environments. Images

belonging to the �rst set (899 images) are 
aptured under non-uniform illumination in the

presen
e of skin-like ba
kground 
olours for some of the images. The se
ond set 
ontains 85

high resolution images of hand poses 
aptured in an environment similar to the �rst set. The

third set 
ontains high resolution images of hand poses, 
aptured under varying illumination


ondtions in presense of a green/blue ba
kground. Apart from these two datasets, another

two datasets namely Cambridge hand gesture dataset [68, 69℄, NUS dataset [70℄ are used for

validation of the proposed methods.

1.4 Overview of Di�erent Methods of Skin Dete
tion

Most of the existing skin dete
tion methods 
an be broadly 
lassi�ed a

ording to their ap-

pli
abilities and approa
hes, su
h as stati
 framework-based methods and dynami
 framework-

based methods as shown in Figure 1.5. Skin dete
tion methods whi
h use stati
 frameworks


an be used for both images and videos with stati
 environments. Methods whi
h use stati


frameworks 
an be further 
lassi�ed into three groups based on the modelling of skin 
olour

distribution, su
h as expli
it boundary spe
i�
ation, parametri
 modelling and non-parametri


modelling. On the other hand, dynami
 framework-based methods are used for videos having

dynami
 environments, su
h as varying illumination and dynami
 ba
kground 
onditions. A

more detailed dis
ussion on existing skin dete
tion methods is given as below.

1.4.1 Skin dete
tion methods using stati
 framework

Majority of existing skin dete
tion methods use a stati
 framework. This implies that


hara
teristi
s of ba
kground and illumination do not vary with time. Hen
e, these type of

skin dete
tion methods are intended for both images and videos for stati
 environments. These

methods either use a global skin dete
tion model or a lo
al skin dete
tion model. Kakumanu et

al. [71℄ and Kawulok et al. [8℄ provided 
omprehensive surveys of di�erent approa
hes of skin
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Skin dete
tion

Video

(un
ontrolled dynami
 environment)

Dynami
 model adaptation

Image/Video

(un
ontrolled stati
 environment)

Non-parametri


model

Parametri


model

Expli
it boundary

spe
i�
ation

Figure 1.5: Skin dete
tion methods


olour modelling and 
lassi�
ation. Skin segmentation methods 
an be broadly 
lassi�ed into

three major 
lasses: Expli
it Boundary Spe
i�
ation, Parametri
 Modelling-based approa
h, and

Non-Parametri
 Modelling-based approa
h.

1.4.1.1 Expli
it boundary spe
i�
ation

Boundary spe
i�
ation for skin 
olour depends on a set of thresholds and 
onditions whi
h


ould be either de�ned in the same 
olour spa
e, (e.g. RGB) or in a transformed 
olour spa
e,

su
h as YCbCr, HSV, CIELab et
.

One of the earliest methods of skin dete
tion is proposed by Sobottka and Pitas [43℄. They

proposed a skin dete
tion boundary along S and H 
hannels in HSV 
olour spa
e as S ∈

[0.23, 0.68] and H ∈ [0, 50]. Later, Tsekeridou and Pitas proposed a modi�
ation [2℄ to this

method for fa
e region segmentation in an image watermarking system [72℄. The 
orresponding

boundary rule in the HSV 
olour spa
e is as follows:







(0 ≤ H 6 25) ∨ (335 6 H 6 360)

(0 6 S 6 0.6) ∧ (0.4 6 V )
(1.21)

Figure 1.6-a shows the proje
tion of the above rules onto the RGB 
olour spa
e. Here, darker

shade shade implies higher density of skin pixels. Solina et al. [3℄ proposed another set of �xed
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Figure 1.6: Skin 
olour distributions in di�erent 
olour planes: (a) Tsekeridou and Pitas [2℄, (b)

Solina et al. [3℄, (
) Hsu et al. [4℄, (d)Kukharev and Nowosielski [5℄, (e) A. Cheddad et al. [6℄, and (f)

Y.-H. Chen et al. [7℄. (Note: the �gure is taken from [8℄)
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rules in RGB spa
e for fa
e dete
tion of people having fair 
omplexion as:























(R > 95) ∧ (G > 40) ∧ (B > 20)

max(R,G,B)−min(R,G,B) > 15

|R−G| 6 15 ∧ (R > G) ∧ (R > B)

in uniform daylight illumination (1.22)

or,







(R > 220) ∧ (G > 210) ∧ (B > 170)

|R −G| 6 15 ∧ (R > G) ∧ (R > B)
in �ashlight lateral illumination (1.23)

For unknown lighting 
onditions, a pixel is 
lassi�ed as skin if it satis�es one of the above two


onditions. These rules are illustrated in Figure 1.6-b in R-G, R-B, G-B and r-g planes. Hsu

et al. [4℄ proposed a boundary rule based on YCbCr 
olour spa
e. The authors observed that

the shape of skin tone 
luster in Cb-Cr spa
e 
an be approximated as an ellipti
al stru
ture

where the 
luster lo
ation depends on luminan
e Y . They performed a non-linear modi�
ation

to Cb and Cr values if Y < 125 or Y > 188. Subsequently, the skin pixel 
luster is modelled

as an ellipse in a transformed spa
e Cb′Cr′. The equivalent results for skin distribution in

RGB spa
e is shown in Figure 1.6-
. Kukharev and Nowosielski proposed another set of skin

dete
tion rules [5℄ using RGB and YCbCr 
olour spa
es as follows:























(R > G) ∧ (R > B)

{(G > B) ∧ (5R − 12G + 7B > 0)} ∨ {(G < B) ∧ (5R + 7G− 12B > 0)}

{Cr ∈ (135, 180)} ∧ {Cb ∈ (85, 135)} ∧ (Y > 80)

(1.24)

The 
orresponding model representation in RGB and rg spa
e is given in Figure 1.6-d. Cheddad

et al. [6℄ transformed the normalized RGB 
olour spa
e into a single-dimensional error signal,

where the skin 
olour distribution 
an be modelled as a Gaussian 
urve [6℄. Subsequently,

a pixel is 
lassi�ed as a skin if its 1D equivalent value lies within the two threshold values

determined by the standard deviation of the 
urve. The skin model is shown in Figure 1.6-e.

Re
ently, Chen et al. proposed a new RGB subspa
e for skin dete
tion by subtra
ting the RGB

values: sR = R−G, sG = G−B, sB = R−B. Subsequently, they proposed a boundary rule

{(−142 < sR < 18) ∧ (−48 < sG < 92) ∧ (−32 < sB < 192)}. The rules are illustrated in

Figure 1.6-f. In [73℄, Shaik et al. 
ompared HSV and YCbCr spa
es for skin dete
tion using a
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Table 1.1: Most popular examples of 
olour spa
es used in skin dete
tion: RGB, YCbCr, HSV and

advan
ed spa
e ER/GH [18℄

Colour

spa
e

Range of 
omponents Restri
tions for skin 
olour

RGB R, G, B: [0, 255℄

R > 95 ∧G > 40 ∧B > 20 ∧
{max (R,G,B)−min (R,G,B) > 15} ∧ |R−G| >

15 ∧R > G ∧R > B

YCbCr Y, Cb, Cr: [0, 255℄ Y > 80 ∧ 77 < Cb < 127 ∧ 133 < Cr < 173

HSV H: [0◦, 360◦℄, S, V: [0, 1℄ 0◦ < H < 50◦ ∧ 0.1 < S < 0.68 ∧ 0.35 < V < 1

ER/GH R, G: [0, 255℄, H: [0◦, 360◦℄ 13.4224 < E ∧R/G < 1.7602 ∧H < 23.89

boundary-based method. In 2015, Sawi
ki and Miziolek [18℄ proposed another set of boundary

rules in CMYK spa
e as follows:

• Before ROC analysis:

(K < 205) ∧ (0 6 C 6 0.05) ∧ (0.089 < Y < 1) ∧ (0 6 C/Y < 1) ∧ (0.1 6 Y/M < 4.8)

(1.25)

• After ROC analysis:

(K < 205) ∧ (0 6 C 6 0.05) ∧ (0.0909 < Y < 0.945) ∧ (0.1 6 Y/M < 4.67) (1.26)

Apart from these simple boundary spe
i�
ations in di�erent 
olour spa
es, advan
ed ap-

proa
hes are also proposed for a more a

urate 3D des
ription of skin 
luster. For example,

Gar
ia and Tziritas [74℄ proposed a skin dete
tion method by utilizing a set of planes in the

YCbCr spa
e. Brand and Mason [50℄ performed a 
omparative analysis of algorithms in three


olour spa
es: RGB, YES and YIQ. In their analysis, parametri
 thresholds and statisti
al

fun
tions are used. Thresholding of the R/G ratios is also performed. In [51℄, a new 
olour

spa
e ER/GH is proposed by mixing of 
olour 
omponents. In the pseudo spa
e ER/GH , E

belongs to YES, the R/G ratio is from RGB spa
e, and H is from HSV.

Some of the authors used additional information like texture features to improve skin de-

te
tion. For example, Wang et al. [75℄ used gray-level 
o-o

urren
e matrix (GLCM) for skin

dete
tion. In this method, a white balan
ing is performed in YCbCr 
olour spa
e to minimize
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the e�e
t of un
ontrolled illumination 
onditions. Firstly, the Y 
omponents are arranged in

des
ending order. The minimum value of the top 5% values of the Y 
omponent is termed as a

parameter E, and remaining values in the top 5% are set to 255. Similarly, the maximum value

among the bottom 5% values of the Y 
omponent is termed as a parameter B, and remaining

values in the bottom 5% are set to 0. Finally, the intermediate Y 
omponents are re-
al
ulated

as:

g(x, y) = 255×
ln f(x, y)− lnB

lnE − lnB
(1.27)

where, g(x, y) is the white balan
ed luminan
e value at lo
ation (x, y), and f(x, y) is the original

luminan
e value before white balan
ing. The skin 
olour model is de�ned by a set of boundary

rules in RGB spa
e. The authors also found that skin distribution in YCgCb spa
e takes 
ir
ular

shape. Finally, a skin mask is obtained by ANDing two skin models derived from RGB and

YCbCr spa
es. Dete
tion performan
e is further improved by in
orporating a texture analysis

into this skin model. Textural features are extra
ted using the GLCM. For a given gray-s
ale

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

T (i, j) =

n
∑

x=1

m
∑

y=1







1, ifI(x, y) = i ∧ I(x+∆x, y +∆y) = j

0, otherwise,
(1.28)

where, (∆x,∆y) is the o�set between the pixels I(x, y) and I(x+∆x, y + ∆y). The 
omputa-

tional 
omplexity in determining the GLCM depends on the number of grey levels g, and it is

proportional to O(g2)

However, re
ently published literatures show that the performan
e of expli
it boundary

spe
i�
ation-based methods are not better than the model-based approa
hes [8℄.

1.4.1.2 Parametri
 modelling

In order to improve dete
tion a

ura
y, some resear
hers used Parametri
 Modelling-based

approa
hes for skin dete
tion. For example, Yang et al. [53℄ used a single multivariate Gaussian

to model skin 
olour distribution. But, skin 
olour distribution possesses multiple 
o-existing

modes. So, a Gaussian Mixture Model (GMM) ( [54℄) is more appropriate than a single Gaussian

fun
tion. Sele
tion of the number of Gaussian 
omponents (K) in GMM is very important for

proper modelling of pixel distribution. Di�erent resear
hers used di�erent values of K in their

methods. Yang and Ahuja [76℄ used two Gaussian 
omponents in CIE-Luv 
olour spa
e to model
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skin 
olour distribution. In this work, statisti
al tests are provided to show
ase the advantage of

using GMM over SGM for skin 
olour distribution modelling. Greenspan et al. [77℄ showed that

GMM-based representation of skin pixel distribution is more robust to environmental 
hanges,

su
h as 
olour spa
e 
hanges, highlights and shadows. They also used two Gaussian 
omponents

for GMM, and one represents the distribution of skin 
olour 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 
omponents for pixel distribution modelling in rg 
olour spa
e for people

having di�erent skin tones. Lee and Yoo [55℄ proposed an ellipti
al modelling-based approa
h

for skin dete
tion. The ellipti
al modelling is less 
omputationally 
omplex than the GMM

modelling. However, many true skin pixels may be reje
ted if the ellipse is small. On the other

hand, if the ellipse is su�
iently large, many non-skin pixels may be dete
ted as skin pixels.

They used six Gaussian 
omponents to implement the GMM. On the other hand, Thu et al. [79℄

used four Gaussian 
omponents. Use of multiple Gaussian enables dete
tion of di�erent parts

of a fa
e whi
h are illuminated di�erently. Jones and Rehg [13℄ used two separate GMMs, ea
h

having 16 Gaussian 
omponents 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 lo
ation.

The performan
e of these simple parametri
 models is limited due to two major fa
tors

� a) apparent 
hange in skin appearan
e due to un
ontrolled illumination 
onditions, and b)

the presen
e of skin-like 
olours in image ba
kground. To over
ome these problems, di�erent

authors proposed di�erent improvements over simple parametri
 models for skin dete
tion.

Phung et al. [38℄ proposed an adaptive s
heme to sele
t the optimum threshold for the SPM

by assuming that a skin region to be 
oherent and homogeneous in texture. Segmentation

a

ura
y of skin regions 
an be further improved by in
orporating texture analysis in the

parametri
 modelling framework. Texture features 
an be extra
ted by performing texture

analysis in various domains, su
h as grays
ale [75, 80℄, 
olour [81℄, or skin map [82℄. In order

to extra
t texture features, di�erent authors used di�erent feature des
riptors. Jiang et al. [83℄

proposed a new approa
h by in
orporating texture and spa
e 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 extra
ted using Gabor wavelets. This gives a
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Figure 1.7: A �ow
hart showing (a) training and (b) dete
tion pro
esses proposed by Kawulok [9℄

textural map for the image. The texture map is thresholded based on an assumption that

ba
kground regions are 
oarser than skin regions. This gives a texture mask or a texture �lter

whi
h is later 
ombined with the initial skin mask to obtain a more a

urate skin mask. This

redu
es false a

eptan
e error signi�
antly. Finally, the watershed segmentation is employed

with a set of well-de�ned region markers to grow skin regions to redu
e false reje
tion error.

H.-M. Sun [84℄ proposed a lo
al adapation s
heme for the Bayesian 
lassi�er as proposed by

Jones and Rehg [13℄. They generated a lo
al skin model from a set of skin pixels samples from

the image. Finally, the lo
al model is 
ombined with the global or trained model in a weighted

sum approa
h. P. Ng and C.M. Pun 
ombined 2-D Daube
hies wavelets -based texture analysis

with a GMM-based 
olour model [85℄. The 2-D Daube
hies wavelets are 
al
ulated by using

the sub-images whi
h are 
entered at ea
h of the pixel lo
ations. Texture feature at ea
h pixel

lo
ation is represented by the wavelet energy ve
tor ve, whi
h is obtained by applying Shannon

entropy on the wavelet 
oe�
ients ve
tor vc. The ve for all the pixel lo
ations are �nally

grouped into a set of 
lusters using k-Means 
lustering algorithm. Finally, some of the 
lusters

are marked as non-skin based on their Shanon entropies and eliminated a

ordingly. Kawulok

et al. [9℄ used linear dis
riminative analysis (LDA) to derive dis
riminative features between

skin and non-skin regions. In this method, LDA proje
tion matrix is derived by using 
olour

and lo
al texture features from a set of labelled images. The LDA proje
tion matrix depends on

training data. Therefore, LDA gives a proje
tion matrix whi
h ensures best possible inter-
lass

dis
rimination.

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

alignment of skin pixels and their relation with neighbourhood pixels [14, 80, 86, 87℄. These
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approa
hes signi�
antly redu
e false positives in dete
ting the skin regions. In general, all these

spatial analysis-based methods are based on a standard SPM. Ruiz-del-Solar and Vers
hae [86℄

proposed a skin dete
tion method whi
h uses a 
ontrolled di�usion. The 
ontrolled di�usion

pro
ess has two steps: a) extra
tion of di�usion seeds, and b) a
tual di�usion pro
ess. The

di�usion seeds are extra
ted by thresholding the SPM with a high threshold. In the di�usion

step, skin regions are grown from the seeds by in
luding the neighborhood pixels whi
h satisfy

a given di�usion 
riteria. The 
riteria depends on two fa
tors � a) di�eren
e between sour
e

and a test pixel in di�usion domain, and b) SPM value at the test pixel lo
ation. Therefore,

this method works well if skin regions have sharp boundaries. A leak in di�usion may o

ur

if there are smooth transitions between pixels from one region to another. In 2010, Kawulok

proposed an energy-based s
heme for skin blob analysis [87℄. Pixels with high valued SPM

values are sele
ted as skin seeds. These seed regions are subje
ted to morphologi
al erosion to

further redu
e false a

eptan
e. In this method, seed pixels are assumed to have a maximal

energy, whi
h is likely to be spread over an image. The amount of energy transferred to an

adja
ent pixel from a sour
e pixel depends on the skin probability of the adja
ent pixel. A pixel

is ex
luded from skin region if there is no energy left to be passed onto it from a sour
e pixel.

In 2013, M. Kawulok [14℄ proposed a propagation-based region growing method, whi
h utilises

spatial relationship between the pixels. Kawulok's method is based on Dijkstra's minimum

path-
ost algorithm [88℄. In Kawulok's method, ea
h pixel is 
onsidered as an independent

node and the image is the 
orresponding graph. In this method, the optimum values of region

growing parameters are sele
ted manually.

There are another 
lass of approa
hes of skin segmentation, whi
h use some prior information

about the a
tual skin 
olour of a person present in an image. In general, human skin 
olour

does not show signi�
ant variations over the body. So, a fa
e dete
tor 
an be used to dete
t

the fa
e and extra
t a set of pixels beloning to fa
ial region. The prior information obtained

from the fa
ial pixels is then utilized to segment out other skin regions of the human body.

A global skin dete
tion model 
an be lo
ally adapted a

ording to the distribution of fa
ial

skin pixels. Frits
h et al. [89℄ used fa
e dete
tion to derive a lo
al skin model for skin region

tra
king. In 2008, Kawulok [19℄ proposed a dynami
 skin model by using pixel 
hara
teristi
s

of fa
ial regions. The global pixel statisti
s are fused with the lo
al statsiti
s of fa
ial skin

pixels. Yogarajah et al. [20℄ used a dynami
 thresholding-based method for skin dete
tion. In

25

TH-2081_126102023



1. Introdu
tion

Figure 1.8: Proposed framework by Tan et al. [10℄: eye dete
tor, 2-D histogram, Gaussian model,

and fusion strategy.

this method, a dynami
 threshold is obtained from the 
hara
teristi
s of skin pixels extra
ted

from the fa
ial regions. Tan et al. [10℄ proposed a fusion-based skin dete
ion method using fa
e

dete
tion. For this, a smoothed 
olour histogram and a Gaussian model of skin is fused together.

Kawulok et al. [21℄ showed that the sele
tion of seeds points using fa
ial pixels 
an improve

the dete
tion a

ura
y in a region growing-based skin dete
tion method. Pixels extra
ted from

the fa
e provide a good estimate of 
olour distribution of skin regions even in the presen
e of

skin-like ba
kgrounds and/or poor illumination 
onditions.

1.4.1.3 Non-parametri
 modelling

Skin regions 
an also be dete
ted using non-parametri
 modelling-based approa
hes without

deriving any expli
it model (e.g., SGM or GMM) for skin 
olour distribution. The simplest

non-parametri
 
lassi�er estimates skin 
olour distribution from a 
olour histogram derived

from a set of skin pixel samples [90�93℄. The major advantage of these approa
hes is that

they there is no requirement of shape estimation of skin 
olour distribution. However, these

approa
hes require a very large amount of training samples to properly model the skin 
olour

distribution. Therefore, these methods are appli
able to a limited range of imaging 
onditions.
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Cortes and Vapni
 showed that Support ve
tor ma
hines (SVMs) 
an also be used for skin

dete
tion. In general, the number training samples for skin and non-skin pixels usually be
ome

too large to handle by the SVM. Han et al. [25℄ proposed a skin segmentation method using

a
tive learning based SVM 
lassi�er and region information. The SVM a
tive learning is a

well-known approa
h to deal with large training dataset [94℄. In this method, it assumed that

the region information is robust to illumination variations and noise. Ea
h image is divided

into a number of regions. A region is sele
ted as a skin if it satis�es the following 
riterion,

whi
h is expressed as:

NS(Ri)

NT (Ri)
> η (1.29)

where, NS(Ri), NT (Ri) are the number of skin pixels and the total number of pixels in the

region Ri, respe
tively; η is a pre-de�ned 
onstant.

A more popular non-parametri
 approa
h is the use of ba
k propagation ANNs (BPANNs)

for skin dete
tion [11, 95℄. For example, Chen et al. [58℄ proposed a skin dete
tion algorithm

by using BPANN with geneti
 optimization. In their work, pixel 
omponents in RGB spa
e

are transformed into the normalized RGB spa
e. The r and g 
omponents of pixels then fed

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

neuron. Ea
h of these neuron's response is 
hara
terised by a logisti
 sigmoid fun
tion given

by:

f(x) =
1

1 + eσx
(1.30)

where, σ is the steepness of the sigmoid 
urve, x is the weighted sum of the inputs, and f(x)

is the output. The stability and 
onvergen
e of the ANN depends on the parameter σ. So,

they used a geneti
 algorithm (GA) to optimize the sele
tion of the parameter σ. Finally, if

the 
olour 
omponents r, g, b in normalized RGB spa
e satisfy r > g or r > b, then the r and g


omponents are fed into the BPANN 
lassi�er. Seow et al. [11℄ proposed a skin 
olour model

for fa
e dete
tion, whi
h aims at redu
ing the e�e
t of skin 
olour variations among di�erent

people. They used a 3-layered BPANN with the r, g, b 
omponents as inputs as shown in Figure

1.9. A set of 410 skin samples (ea
h 
ontaining a 10× 10 pat
h) is 
olle
ted from skin regions

belonging to di�erent ra
es. Sin
e the sample set 
annot represent the entire skin population, a

Multi-Layer Per
eptron (MLP) ANN is trained by using a Ba
k Propagation (BP) algorithm for

interpolation of sample set. Finally, a 256×256×256 
olour 
ube is generated to obtain all the

27

TH-2081_126102023



1. Introdu
tion

possible 
olour 
ombinations and they are fed into the MLP to extra
t the skin regions. Yang

Figure 1.9: Skin dete
tion using ANN proposed by Seow et al. [11℄

et al. used ANN along with an adaptive skin modelling to dete
t skin regions more a

urately

in an image as shown in Figure 1.10.In this method, the luminan
e 
omponent Y of the YCbCr


olour spa
e is used for redu
ing the e�e
ts of illumination variations. At �rst, the Y 
omponent

is arranged in des
ending order, and divided into multiple equidistant intervals. After that,

pixels belonging to same luminan
e interval are sele
ted, and the 
orresponding mean and


ovarian
e matrix of the sele
ted pixels in Cb, Cr spa
e are 
al
ulated. The luminan
e mean

of ea
h interval, the 
ovarian
e and mean in Cb, Cr spa
e are used to train a three layer ANN.

Finally, the output of the ANN is fed to a Gaussian 
lassier for skin 
lassi�
ation.

Image

Database

Colour space

conversion

RGB     YCbCr

Divide the

total range of

Y into finite

number of 

intervals N

Statistic the

mean and

variance of

each interval

BP neural

network
Adaptive skin

model

Skin colour

classification

Test image

Figure 1.10: Proposed framework by Yang et al. [12℄.
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1.4.2 Skin dete
tion methods using dynami
 ar
hite
ture

In HCI, dete
tion of human body parts is an important step. However, the task is not so

easy as there are many 
onstraints in lo
ating the skin 
oloured regions in the videos. One of

the major 
hallenges is the e�e
t of illumination 
hange on skin 
olour appearan
e. Varying

illumination 
an make skin regions appeared to be di�erent from its a
tual 
olour. Illumination

variation 
an o

ur in two ways - globally and lo
ally. A global illumination variation o

urs

when the 
hara
teristi
s of the illuminating sour
e 
hange with time. On the other hand, lo
al

illumination variation o

urs when illumination be
omes non-uniform over the exposed skin

region regions. One of the major reason behind the non-uniform illumination is the 
urved

nature of skin surfa
e. This 
auses the formation of form shadows on the skin surfa
e. Another

reason is the formation of 
ast shadows produ
ed by one moving body part onto another body

part. In 
ase of dire
tional light sour
es, amount of illumination on a skin pat
h also depends

on its orientation with respe
t to the light sour
e. It is found that the o

urren
e of lo
al

illumination variation is more frequent as 
ompared to global illumination 
hange for most of

the HCI appli
ations.

In re
ent years, many resear
h works [9, 16, 22, 23, 96℄ have been reported on skin dete
tion

under un
onstrained environments for images. However, only few resear
h works have dealt with

skin dete
tion in videos under varying illumination 
onditions. Soriano et al. [97℄ investigated

the e�e
ts of stati
 but non-uniform illumination on skin 
olour appearan
e. In their work, a

�skin lo
us� is introdu
ed to des
ribe a 
hromati
 
onstraint on skin 
olour apperan
e under

non-uniform lighting 
onditions. However, derivation of su
h a skin lo
us requires a 
alibrated


amera and the fa
e has to be 
aptured for di�erent illuminants. Also, the skin lo
us is 
amera

spe
i�
, and hen
e it has to be 
al
ulated for every unknown videos. Sigal et al. [98℄ proposed a

dynami
 skin model for varying illumination 
onditions. In this method, a dynami
 histogram

adaption model based on a se
ond order Markov model is proposed. In this method, it is


onsidered that the illumination 
hanges gradually and globally. Therefore, this approa
h is

not suitable for lo
al illumination 
hanges owing to their un
ertain nature. Habili et al. [99℄ used

motion information alongwith 
olour information to dete
t skin regions in a video. However,

this method assumes that the ba
kground does not have skin-like 
oloured regions. Awad et

al. [100℄ proposed a fusion-based model for skin dete
tion in videos. However, this method

assumes the absen
e of any skin-like 
olours in the ba
kground and uniform illumination of
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skin regions. Therefore, under un
onstrained illumination and ba
kground 
onditions, the skin

pixels 
annot be lo
ated perfe
tly. Also, it requires a set of labelled initial frames to train

a Support Ve
tor Ma
hine (SVM) 
lassi�er, and the initial positions of skin-
oloured obje
ts

need to be determined. Han et al. [101℄ proposed a skin segmentation and tra
king algorithm

for sign language re
ognition by using Support Ve
tor Ma
hine (SVM) a
tive learning. The

training of SVM is done by a set of initial frames. The a
tive learning of SVM makes the

algorithm 
omputationally less expensive. However, the major drawba
k of this method is its

inability to handle varying illumination 
onditions. The SVM needs to be re-learned at every

frame to handle the varying illumination 
onditions. Training of an SVM repeatedly for every

frame is a 
omputationally very expensive pro
ess. Liu et al. [102℄ proposed a dynami
 skin

dete
tion algorithm for videos. In this method, a fa
e dete
tion-based model update s
heme is

proposed for varying illumination 
onditions. However, only global illumination variations are


onsidered, and the method is not suitable for lo
al illumination 
hanges whi
h mostly o

ur

due to moving body parts.

1.5 Resear
h Motivation

From the brief literature survey presented in this report, it is evident that a signi�
ant

amount of work is needed for e�
iently dete
t skin regions in di�erent environmental 
onditions

in images. Additionally, dete
ting skin regions in videos in the presen
e of varying illumination


onditions is another important task. To 
ombine these requirements in one algorithm is a

major 
hallenge. A

ordingly, this thesis looks into several aspe
ts using 
hromati
 and textural

informations of skin regions and aims at developing suitable algorithms that take 
are of some

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

(i) Typi
ally a 
hromati
 and/or textural dis
rimination is observed between skin and non-

skin regions of an image. Kawulok et al. [9℄ used a linear dis
riminant analysis (LDA)-

based most dis
riminative feature extra
tion approa
h for skin dete
tion. However, ex-

tra
ted features totally depends on training data. As natural images are in general un
or-

related in a sense that spatial distribution of texel and 
olours is quite random. Hen
e,

the dis
riminative features extra
ted by the LDA may not be most dis
riminative fea-

tures for an unknown image. Hen
e, an image spe
i�
 dis
riminative feature extra
tion
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approa
h is ne
essary for the dete
tion of skin regions in an unknown image.

(ii) It is observed that in spite of having 
olour deviation due to poor or non-uniform illu-

mination, skin regions show more 
hromati
 similarity with a
tual skin 
olours than the

non-skin 
olours. Hen
e, it is ne
essary to identify and relate the skin regions, whi
h look


hromati
ally di�erent due to improper illumination with the help of a set of a
tual skin

samples obtained globally [13℄ or lo
ally [10, 21℄.

(iii) Some of the re
ent resear
h works [98,102℄ 
onsider global variation of ba
kground illumi-

nation without giving su�
ient importan
e to lo
al illumination variations in the frames

of a video. Lo
al illumination variation may o

ur in a video due to movement of hands

or other body parts for some of the HCI appli
ations, like gesture re
ognition. The lo
al

illumination variation 
hanges the 
hromati
ity of the skin regions. A stati
 model-based

skin dete
tion method may not be able to identify the a
tual skin regions when the il-

lumination 
hanges lo
ally. Therefore, it is ne
essary to follow an adaptive approa
h to

update a skin model on the basis of lo
al 
hromati
 deformations of skin regions.

1.6 Obje
tives

The goal of this resear
h work is to use 
hromati
 and textural information of skin regions

for dete
ting the skin regions in images and videos. For the dete
tion of skin regions in images,

two approa
hes 
an be followed: a) extra
tion of most dis
riminant 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 �rst approa
h, the most dis
riminative features between skin and non-skin

regions need to be extra
ted from the test image itself. This would make the method more

versatile and robust to s
eni
 
hanges in images. In the se
ond approa
h, a lo
al skin model

needs to be derived using the similarity between IDM and a referen
e skin pixel distribution

model. The referen
e pixels 
an be extra
ted from the fa
ial regions of the people present in the

image. In 
ase of videos, the skin model needs to be adaptive to lo
al skin 
olour deformations

due to lo
al illumination variations. A skin dete
tion method for an image has a stati
 skin

model, and thus, it may fail to dete
t skin regions in videos a�e
ted by the lo
al illumination

variations. The lo
al illumination 
hanges happen due to the movement of body parts. Hen
e,

a skin distribution model for moving skin regions needs to derived, and this model 
an be
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asso
iated with the stati
 skin model. The thesis also aims at additional redu
tion in dete
tion

errors by a region growing te
hnique. Chapter 1 of the thesis presents a brief literature review

on di�erent skin dete
tion methods in images and videos, motivation and obje
tives of the

thesis.

1.7 Thesis Organization

This thesis 
ontains �ve 
hapters, in
luding the present one.

Chapter 2 des
ribes the proposed s
heme for extra
ting dis
riminative features between

skin and non-skin regions of an image. For this, a novel dis
riminative analysis method also

termed as adaptive dis
riminative analysis (ADA) is proposed, whi
h gives a dis
riminative

feature spa
e. Subsequently, a dis
riminative spa
e map (DSM) is derived by using the dis-


riminative feature spa
e. A novel region growing method is also proposed, whi
h grows skin

regions of an image based on 
hromati
 properties of an image. This results additional redu
tion

in the dete
tion errors.

In Chapter 3, image pixel distribution information is in
orporated into a global skin dete
-

tion model for a lo
al model adaptation. To obtain a lo
al skin dete
tion model for an image,

a lo
al skin distribution model (LSDM) and a lo
al ba
kground distribution model (LBDM)

are needed, whi
h 
an be derived by measuring similarity between an image pixel distribution

model and a referen
e skin 
olour distribution model. The referen
e skin pixel distribution

model 
an be derived from a set of skin samples of fa
ial 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 lo
al skin dete
tion models. The proposed skin map is termed as fusion-based skin

probability map (FSPM), and �nally the proposed dynami
 region growing (DRG) algorithm

is applied for additional dete
tion error redu
tion.

Chapter 4 des
ribes a skin dete
tion method for videos when skin regions undergo 
hro-

mati
 appearan
e 
hanges due to non-uniform illumination. Non-uniform illumination 
an take

pla
e due to lo
al shading e�e
ts, whi
h are asso
iated with the motion of skin regions. The

proposed method has two modules � a stati
 skin dete
tion model, and a dynami
 skin de-

te
tion model. The stati
 model 
onsists of a fa
ial skin distribution model (FSDM) and a

video spe
i�
 ba
kground model. On the other hand, the dynami
 model 
orresponds to a
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moving skin-pixel distribution model (MSDM). The MSDM is dynami
ally updated based on

asso
iated 
hromati
 
hanges in skin 
olour.

Finally, we draw our 
on
lusion in Chapter 5 by highlighting the strengths and short
om-

ings of our s
hemes and outlining possible extensions.
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2
Dete
tion of Skin using Image Spe
i�


Dis
riminative Feature Extra
tion

A

ura
y of 
olour-based skin segmentation methods are signi�
antly a�e
ted by di�erent issues

su
h as presen
e of skin-like 
olours in s
ene ba
kground and un
ontrolled illumination 
ondi-

tions. Standard skin probability map (SPM) 
an not perfe
tly dis
riminate skin and non-skin

regions in these 
onditions. To over
ome limitations of SPM, a new probability map termed

as dis
riminative spa
e map (DSM) is proposed by extra
ting most dis
riminative features be-

tween skin and non-skin regions. A novel adaptive dis
riminative analysis (ADA) is proposed

to extra
t most dis
riminant features between skin and non-skin regions from an image itself in

an unsupervised manner. Subsequently, a dynami
 region growing (DRG) method is employed

to allow skin regions to grow dynami
ally. The DRG 
ontrols false dete
tion by restri
ting

the region growing pro
ess. Experimental results for standard databases show that the proposed

method 
an e�
iently segment out skin pixels in presen
e of skin-like ba
kground 
olours and

un
ontrolled illumination 
onditions.
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2. Dete
tion of Skin using Image Spe
i�
 Dis
riminative Feature Extra
tion

2.1 Introdu
tion

In-spite of having several advantages of 
olour-based skin segmentation, a

urate segmenta-

tion of hand or any other body parts is still a big 
hallenge. The a

ura
y of 
olour-based skin

dete
tion methods are severely a�e
ted by the presen
e of skin-like 
olours in the ba
kground.

Majority of skin dete
tion algorithms use skin 
olour as a primary feature. However, use of some

other features like texture information [103℄ or depth information [104, 105℄ along with 
olour

feature generally improve segmentation a

ura
y. Zhiwei et al. [83℄ used Gabor wavelet-based

texture �lter, whereas Dumitres
u and Dumitra
he [106℄ used Gray Level Co-o

urren
e Ma-

trix (GLCM) texture features for skin dete
tion. In all these methods, it is assumed that skin

regions are smoother than ba
kground regions. But, the ba
kground may have similar textural

smoothness as that of skin regions. In these spe
i�
 
ases, 
hromati
 parameters, su
h as hue,

saturation may be the dis
riminative features between skin and non-skin regions. Kawulok et

al. [9℄ used linear dis
riminative analysis (LDA) to derive most dis
riminative features between

skin and non-skin regions. In this method, LDA proje
tion matrix is derived using 
olour

and lo
al texture features from a set of labelled images. The LDA proje
tion matrix depends

on training data. Therefore, LDA gives a proje
tion matrix whi
h ensures the best possible

inter-
lass dis
rimination. However, natural images do not have any �xed textural or 
hromati


pattern. Therefore, it is highly likely that the test image 
hara
teristi
s may be signi�
antly

di�erent from the training images. In these spe
i�
 
ases, derived dis
riminative feature may

not be the most dis
riminative for the test images. So, an image spe
i�
 dis
riminative feature

extra
tion method is essential, so that the image spe
i�
 features 
an be extra
ted for dis
rim-

inant analysis for skin segmentation. Kawulok et. al. [15℄ also proposed an adaptive s
heme

to sele
t seeds to further improve the dete
tion results. Hettiara
h
hi and Peters [16℄ showed

that the a

ura
y of skin dete
tion 
an be signi�
anly improved using multi-manifold learning.

However, multi-manifold learning-based method uses some pre-sele
ted true skin and skin-like

non-skin samples for training. But, dis
rimination between true skin and skin-like non-skin pix-

els entirely depends on s
ene 
hara
teristi
s. The methods proposed in [10,21,23℄ extra
t fa
ial

pixel to generate lo
ally adapted skin model. However, a fa
e must be dete
ted in an image in

order to apply these methods. Most of these methods follow unsupervised or semi-supervised

learning approa
hes. However, re
ent trend in 
omputer vision is Convolutional Neural Net-

work (CNN)-based ar
hite
tures for pixel-wise predi
tion, su
h as semanti
 segmentation using
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fully 
onvolutional networks (FCN) [107℄. However, performan
e of CNNs in 
omplex 
omputer

vision problems, su
h as pixel-wise 
lassi�
ation is limited. The 
onvolutional �lters with large

re
eptive �elds in traditional CNNs result in 
oarse outputs for pixel-wise 
lassi�
ation [107℄.

The result be
omes 
oarser due to the presen
e of maxpooling layers in CNNs [108℄. This results

in smooth boundaries and blob-like stru
tures in segmented images. Also, la
k of smoothness


onstraint in CNNs may result in spurious regions with poor obje
t outlines in the segmented

images [109�111℄. Zheng et al. [112℄ showed that in
orporation of 
onditional random �elds

(CRFs) at the �nal layer of CNN 
an re�ne 
oarse predi
tions. However, skin dete
tion is a

very subje
tive problem whi
h depends on image 
hara
teristi
s. A 
olour (e.g, brown) may

be the skin 
olour for Afri
an people or it may be a ba
kground 
olour for Cau
asian people.

Thus, la
k of image spe
i�
 adaptivity in existing semanti
 segmentation algorithms may limit

their appli
ability in skin dete
tion.

As mentioned by Kawulok [9℄, LDA 
an be used to extra
t most dis
riminative features

for skin and non-skin pixels. However, LDA needs a set of labelled training dataset. In skin


olour segmentation problem, some of the training samples belonging to the non-skin regions,

like ba
kground regions, look very similar to the a
tual skin regions, and vi
e-versa. As the

training samples for two 
lasses (skin and non-skin) are obtained from an image itself, and so,

a few samples 
orresponding to ba
kground and other regions take the identity of samples of

the a
tual skin 
olour regions, and vi
e-versa. So, there will be marginal inter-
lass overlapping

of samples extra
ted from an unknown image. Therefore, a feature derived using LDA may

not be most dis
riminative for an unknown image. To address this issue, a novel adaptive

dis
riminative analysis (ADA) for skin segmentation is proposed. It is �adaptive� in a sense

that the ADA adapts to inter-
lass similarity or overlapping samples. Hen
e, the extra
ted

feature would be image spe
i�
, not generi
 for all the images. In our approa
h, two sets of

pixel lo
ations S1 and S2 are used for deriving ADA proje
tion ve
tor. The set S1 
ontains

pixel lo
ations that are very likely to be skin, whi
h implies that some of them may look like

skin, but they a
tually belong to non-skin regions. The other set S2 
ontains pixel lo
ations

that are mostly non-skin, but a few of them belonging to a
tual skin regions. Therefore, there

is no labelled training dataset. The proposed ADA assigns 
lass-memberships to ea
h of the

training samples in S1 and S2. Subsequently, a dis
riminative feature spa
e is extra
ted from

the given image itself with the help of the proposed ADA. Finally, a dis
riminative spa
e map

37

TH-2081_126102023



2. Dete
tion of Skin using Image Spe
i�
 Dis
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(DSM) is derived by using the dis
riminative feature spa
e. In 
ontrary to standard SPM, the

proposed DSM provides better dis
rimination between skin and non-skin regions of an image.

The skin regions 
an be dete
ted either by dire
tly thresholding the skin map or DSM [13℄.

However, dire
t thresholding of DSM may in
rease false dete
tion rates when skin 
olour is

very mu
h similar to ba
kground s
ene 
olour. Seeded region growing (SRG) of skin regions

is an alternative to dire
t thresolding of SPMs [113℄. The use of SRG algorithm for image

segmentation has been well investigated in re
ent years. Adams and Bis
hof [114℄ �rst proposed

the 
on
ept of SRG. The major limitation of SRG algorithm is the sele
tion of an appropriate

threshold to judge a similarity 
ondition, whi
h limits its appli
ability in skin segmentation. If

a very high threshold is sele
ted, then many true skin pixels 
ould be reje
ted. On the other

hand, false dete
tion will be more for a small threshold. Propagation-based region growing

method as proposed by Kawulok [14℄ approximates an image as a graph with the pixels as nodes

within it. Kawulok's method is based on Dijkstra's minimum path-
ost algorithm [88℄. The

region growing method proposed by Kawulok (2013) is not adaptive. The entire region growing

pro
ess depends on manually sele
ted parameters. The region growing should be dependent

on s
ene 
hara
teristi
s of an image. Region growing should be more if the ba
kground 
olour

similarity with the skin 
olour is less, and vi
e-versa. To handle these issues, we proposed a

dynami
 region growing (DRG) method by employing only few manually sele
ted parameters.

The proposed method is dis
ussed in detail in the Se
tion to follow.

2.2 Proposed Method

Figure 2.1

1

shows the blo
k diagram of our proposed skin dete
tion method. In the �rst step

of our proposed method, a dis
riminative spa
e map (DSM) is derived to enhan
e the dis
rimi-

nation between skin and non-skin pixels, and derivation of DSM only requires a dis
riminative

analysis. In our method, a novel adaptive dis
riminative analysis (ADA) method is proposed.

ADA requires two sets of pixel lo
ations. The �rst set 
ontains most of the skin regions, and it

may 
ontain a few ambiguous non-skin regions. Similarly, the se
ond set 
ontains dis
ernible

non skin regions along with a few skin like 
oloured regions. The proje
tion ve
tor is derived on

the basis of these two indistin
t training sets. A generalized training set 
an not be extra
ted

1

This work is under major revision in Journal of Visual Communi
ation and Image Representation, Elsevier

(Revised paper submitted).
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Image

Derivation of training 

samples

Skin sample

 mask

(S1)

Largest skin

 region in S1 

Figure 2.1: Blo
k diagram of the proposed skin dete
tion algorithm.

from di�erent images due to skin-ba
kground 
olour similarity and non-uniform illumination,

and so, our method relies on extra
ting image spe
i�
 training samples for 
lassi�
ation. 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 
an extra
t a dis
riminative feature

between skin and non-skin regions. A DSM is obtained by using the dis
riminative feature and

the largest region in the skin sample mask. Subsequently, a dynami
 region growing (DRG)

2

method using DSM is employed, whi
h gives a 
ost map. Finally, the skin mask is obtained by

thresholding of the estimated 
ost map.

2.2.1 Dis
riminative spa
e map

In order to in
rease dis
rimination between skin and non-skin regions, a DSM 
an be derived

by using SPM and other image features. The novelty of our method is the derivation of image

spe
i�
 dis
riminative 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, S1 is a set of pixel

lo
ations whi
h are mostly to be skin, and S2 is a set of pixel lo
ations whi
h are mostly to be

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

2

This work has been published in Twenty Se
ond National Conferen
e on Communi
ation (NCC), Guwahati,

2016. (Refer item 2 in Page 117 for details)
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non-skin regions. So, thresholding the skin probability map with a high threshold value (θHigh)


an provide the required set S1 [14℄. However, the non-skin regions may have skin-like 
olours

in some of the instan
es. In su
h 
ases, non-skin pixel lo
ations having high SPM values 
ould

be wrongly in
luded in S1. In our previous work [103℄, it is shown that the use of texture

information along with Possibilisti
 Fuzzy C-Means (PFCM) 
lustering [115℄ 
an improve the

segmentation results. In order to redu
e falsely in
luded non-skin pixel lo
ations into S1, PFCM


lustering is employed in our method as follows:

• 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 [116℄ on

SPM. It gives two threshold values [θLow, θHigh].

• Let Sold is the initial set of skin-like pixel lo
ations x in an image su
h that

x ∈ {Sold : SPM(x) > θHigh} , (2.1)

In some of the 
ases, Sold may 
ontain skin-
olour like non-skin lo
ations due to skin-

ba
kground 
olour similarity. Therefore, the PFCM 
lustering algorithm is applied on

the set Sold to group and dis
ard non-skin pixel lo
ations within it.

• In our method, two types of features are sele
ted for PFCM algorithm, namely � 
olour

features and texture features. The 
olour features in
lude luminan
e values (Y ), 
hromi-

nan
e values in YCbCr domain (Cb, Cr), and hue (H). The texture features in
lude

entropy, standard deviation, and maximum-minimum di�eren
e. The texture features

are extra
ted from SPM [9℄ by using the kernels of sizes 3× 3.

• The 
entroid of a 
luster derived from PFCM 
lustering is expressed as:

Vi =

N
∑

j=1

(

aumij + btηij
)

f(xj)

N
∑

j=1

(

aumij + btηij
)

, i = 1, 2. (2.2)
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where,

ui,j =membership value of the jth pixel in the ith 
luster

ti,j =typi
ality value of the jth pixel in the ith 
luster

f(xj) =feature ve
tor at j
th
lo
ation xj ,

N = Total number of input sample f(xj),

a, b = positive 
onstants,

m, η =weighting exponent

Let, the ith 
luster is denoted by Ωi. Therefore, �nal 
lustering of the input samples is

done as follows:

xj ∈ Ωi : i = argmin
∀k

‖f(xj)−Vk‖ , k = 1, 2. (2.3)

Finally two binary images are obtained from these two 
lusters su
h that,

BWi(xj) =







1 if xj ∈ Ωi

0 otherwise

(2.4)

• It is expe
ted that the 
luster Ωi having most of the true skin pixels should be statisti
ally

more nearer to the global skin pixel distribution model [117℄. The global skin distribution

model is obtained from the training skin samples for derivation of SPM. The global skin

distribution model 
an be modelled using GMM as:

P (X|Skin) =

KSkin
∑

k=1

ωSkin
k ·G

(

µSkin
k ,ΣSkin

k

)

, (2.5)

where, ωSkin
k is the prior probability weight, KSkin is the number of Gaussians used for

GMM, µSkin
k is the mean, and ΣSkin

k 
ovarian
e matrix of the kth GaussianG
(

µSkin
k ,ΣSkin

k

)

.

Similarly, the distribution of pixels in RGB domain for the ith binary image BWi 
an be

represented as G
(

µBW
i ,ΣBW

i

)

by using a single Gaussian fun
tion. We use the notation

Gi ≡ G (µi,Σi) in the rest of this 
hapter for simpli
ity. It is highly likely that the num-

ber of skin pixels are signi�
antly large as 
ompared to non-skin pixels in Sold in some

of the 
ases. In those situations, the binary image with mostly non-skin pixels indi
ate
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higher per
entage of pixels belonging to the edges. In some of the 
ases, skin-like 
olours

may 
over majority of ba
kground regions. It is observed that these ba
kground regions

also in
lude a signi�
ant amount of image boundary pixels. Hen
e, the binary image


ontaining true-skin pixels is sele
ted based on following de
ision rule:

BWfinal =











BW1 if

{

N b
2 >

w + h

2

}

∪

{

(

e1 · d
Skin
1 6 e2 · d

Skin
2

)

∩

(

N b
i <

w + h

2
, ∀i

)}

BW2 otherwise

(2.6)

where,

dSkini =
1

KSkin

KSkin
∑

k=1

D
(

GSkin
k , GBW

i

)

,

D
(

GSkin
k , GBW

i

)

=Bhatta
harya distan
e between GSkin
k and GBW

i

=
1

8

(

µSkin
k − µBW

i

)T
[

ΣSkin
k + ΣBW

i

2

]−1
(

µSkin
k − µBW

i

)

+
1

2
ln

∣

∣

(

ΣSkin
k + ΣBW

i

)

/2
∣

∣

√

∣

∣ΣSkin
k

∣

∣ · |ΣBW
i |

,

ei =% of edge pixels in BWi for i = 1, 2.

N b
i =number of image boundary pixel lo
ations in BWi for i = 1, 2.

w × h =image dimension

(2.7)

• Hen
e, S1 is obtained as:

S1 = {x : BWfinal(x) = 1} (2.8)

Figure 2.2 shows the blo
k diagram of proposed method for obtaining skin sample set S1 for

ADA. Again, the set of non-skin or skin-like pixel lo
ations S2 
an be obtained as follows:

S2 = {x : BWfinal(x) = 0} (2.9)

In order to obtain a dis
riminitive feature spa
e, we need to obtain a suitable proje
tion

ve
tor to in
rease inter-
lass dis
rimination. In-spite of PFCM-based re�nement

3

, there is

3

This work has been already published in IEEE Re
ent Advan
es in Intelligent Computational Systems

(RAICS), Trivandrum, 2015 (Refer item 4 in Page 117 for details)
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Image

SPM

Feature extraction

and

PFCM clustering

Skin sample

 mask (BWfinal)

BW1

BW2

Figure 2.2: Proposed method for obtaining the set S1

a possibility that some of the true non-skin pixels are in
luded in S1. On the otherhand,

some of the true skin pixels may be in
luded in S2 due to their higher similarity to non-

skin regions. These wrongly in
luded pixels a
t as outliers in their respe
tive sets. So, a

membership assignment method is proposed for ea
h of the samples in their respe
tive 
lusters.

The membership values are 
al
ulated in su
h a manner that the membership of the outliers in

their respe
tive 
lusters be
ome very small. In our approa
h, membership value of a sample is


al
ulated using its mean intra-
luster distan
e and mean inter-
luster distan
e. The proposed

ADA algorithm is des
ribed as follows:

Consider the pixel lo
ations x1,k ∈ S1 and the pixel lo
ations x2,l ∈ S2, where k = 1, .., N1,

and l = 1, .., N2. Here, N1 and N2 are the number of samples in S1 and S2, respe
tively.

Therefore, membership values for the pixels are obtained by:

λ1,k =
N1 − 1

N2

×

N2
∑

l=1

d (x1,k, x2,l)

N1
∑

k′=1,k′ 6=k

d (x1,k, x1,k′)

λ2,l =
N2 − 1

N1
×

N1
∑

k=1

d (x2,l, x1,k)

N2
∑

l′=1,l′ 6=l

d (x2,l, x2,l′)

(2.10)

where,
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d (xi,k, xj,l) =[f(xi,k)− f(xj,l)]
T
Σ−1

j [f(xi,k)− f(xj,l)] , for i, j = 1, 2; ∀k, l

Σj =Covarain
e matrix of samples in Sj, j = 1, 2.
(2.11)

The mean ve
tors of two 
lasses are given by:

µ1 =

N1
∑

k=1

λ1,k · f (x1,k)

N1
∑

k=1

λ1,k

and µ2 =

N2
∑

l=1

λ2,l · f (x2,l)

N2
∑

l=1

λ2,l

(2.12)

The within-
lass s
atter matrix is obtained by:

Sw =

N1
∑

k=1

λ1,k · (f (x1,k)− µ1) · (f (x1,k)− µ1)
′

N1
∑

k=1

λ1,k

+

N2
∑

l=1

λ2,l · (f (x2,l)− µ2) · (f (x2,l)− µ2)
′

N2
∑

l=1

λ2,l

(2.13)

where, f (•) is the feature ve
tor. The feature ve
tor for ADA 
omprises of texture features

(entropy, standard deviation, maximum-minimum di�eren
e) and 
olour features (SPM, Cb-Cr


omponents and H values). The texture features are derived from SPM by using the kernels of

sizes 3× 3, 7× 7, and 11× 11. Therefore, the between-
lass s
atter matrix is given by:

Sb = (µ1 − µ2) (µ1 − µ2)
′

(2.14)

The optimal ADA proje
tion ve
tor Z for the input samples is obtained as the eigenve
tor

of the matrix S−1
b Sw 
orresponding to its highest eigenvalue. It is observed that the largest

region (LR) in BWfinal 
orresponds to true skin regions in most of the instan
es. Hen
e, the

dis
riminative spa
e map of an image is given by:

DSM(x) = |Z′ · (f(x)− µLR)| (2.15)

where, µLR is the 
entroid of the largest region in BWfinal in feature spa
e.

To show the e�e
tiveness of our proposed method, dis
riminative maps obtained by Kawu-

lok's method [9℄, and the proposed DSM are 
ompared as shown in Figure 2.3. From the results

of this analysis, it is 
learly observed that Kawulok's dis
riminative map is not adaptive to the


hanges in the s
ene 
hara
teristi
s. On the other hand, there is no need of labelled training
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(a)

(��

(c)

(d)

Figure 2.3: Experimental results showing dis
rimination between skin and non-skin pixels: a) Original

image, b) DSPF [9℄, 
) Proposed Dis
riminative Spa
e Map (DSM), and d) Ground-truth Results. The

red 
oloured boxes show the spe
i�
 regions where our proposed method gives 
omparatively better

segmentation results.

samples to obtain our proposed DSM. In our method, the test image itself is used to derive the

proje
tion matrix, and hen
e, dis
rimination is more and it is adaptive to s
ene 
hanges.

The �nal skin mask for a given image 
an be easily obtained by dire
t thresholding of

the DSM with a suitable threshold. However, dire
t thresholding may 
onsider some non-

skin regions with 
omparatively higher DSM values as skin. This in
reases the 
han
e of false

positive error. Therefore, a seeded dynami
 region growing (DRG) method with dynami
ally


ontrolled region expansion is used. The DRG signi�
antly redu
es false positive errors. The

detailed dis
ussion on DRG is given in the next se
tion.

2.2.2 Dynami
 region growing

In this work, a novel dynami
 region growing (DRG) method is proposed, whi
h shows

improvement over the existing method [118℄. In the proposed DSM, a lower value of DSM(x)


orresponds to a higher probability of obtaining skin 
oloured pixels. For region growing, a set

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

DSM(x)⇐
DSMmax −DSM(x)

DSMmax
(2.16)

where, DSMmax is the DSM maximum. In order to get more dis
rimination between skin and

skin-like non-skin regions, lo
ations {x : SPM(x) < 0.1} are dis
arded during 
al
ulation of

DSMmax and the inverted DSM.

The seed pixels for DRG is obtained by thresholding the DSM with a threshold Ps [9, 23℄.

As des
ribed by Kawulok [14℄, the lo
al 
ost to rea
h a non-visited pixel x depends on two

fa
tors: a) 
ost in
urred in the 
olour domain, and b) 
ost in
urred in the DSM domain. So,

the lo
al 
ost at pixel lo
ation x is given by:

Cl(x) =







CI(x) · Cp(x) for DSM(x) ≥ Pth

∞ otherwise

(2.17)

where, Pth is the limiting value of the DSM. In equation (2.17), CI(x) is the lo
al 
ost in 
olour

spa
e and Cp(x) is the lo
al 
ost in DSM spa
e. It is observed that the skin regions are more

di
riminative in 
hromati
 domain than in luminan
e domain. So, Y, Cb, and Cr 
omponents

of pixels are 
hosen for CI(x) 
al
ulation. Therefore, the lo
al 
ost in 
olour domain at the ith

pixel lo
ation qi in the path i.e. CI(qi) is given by:

CI(qi) =
1

3
[|Y (qi)− Y (qi−1)|+ |Cb(qi)− Cb(qi−1)|+ |Cr(qi)− Cr(qi−1)|] , (2.18)

The lo
al 
ost in DSM domain should be less sensitive to smaller values of P (qi). On the other

hand, the 
ost fun
tion Cp(x) should in
rease the 
ost more aggressively for higher values of

P (qi). Therefore, the lo
al 
ost in the DSM domain is expressed as:

Cp(qi) =
(

1 + ∆qi +∆2
qi

)

e∆
2
qi . (2.19)

where, ∆qi = Ps − P (qi).

The parameter Pth 
ontrols growth of the regions. Therefore, the dete
tion error is sig-

ni�
antly dependent on the value of Pth. The value of Pth 
an be sele
ted manually [14℄ or

adaptively [118℄. Adaptive sele
tion of Pth 
an improve dete
tion result signi�
antly [118℄.
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(a)

(b)

Figure 2.4: Illustration of skin 
hroma entropy as a measure of possible false a

eptan
e error: a)

Original image, and b) image pixels with DSM(y) > Pl and asso
iated Es values.

Hen
e, a method is proposed to automati
ally determine Pth. Our proposed method to deter-

mine Ps and Pth are dis
ussed in the next paragraph.

First, the DSM is divided into three parts using Otsu's multi-thresholding algorithm [116℄.

Subsequently, we obtained two thresholds (Ph, Pl). The regions in DSM with DSM(x) > Ph

are highly likely to be skin only if the 
olour similarity between skin and the ba
kground is not

so prominent. On the other hand, the regions in DSM with DSM(x) < Pl are highly likely to

be non-skin. Hen
e, the value of Pth should be in the range of [Pl, Ph]. However in un
ontrolled

environments, ba
kground regions 
ould be 
hromati
ally and texturally similar, and for su
h


ases, DSM even 
an not perfe
tly dis
riminate skin and non-skin regions. Therefore, Pth

should be in the range of [Pl, Ps]. The thresholds Ps and Pth play a signi�
ant role in regulating

dete
tion errors. If both of them are very low, the false a

eptan
e in
reases in presen
e of skin

like ba
kground 
olours. On the otherhand, if both of them are too high, false reje
tion 
ould be

high if skin regions are not uniformly illuminated. A parameter termed as skin-
hroma entropy

(Ec)
4

for a given 
olour spa
e c, is employed to 
hara
terize the thresholds (see Figure 2.4).

The skin-
hroma entropy is 
al
ulated for RGB 
olour spa
e, and it is denoted as Es. The

parameter Es 
an be obtained as:

Es = −

∑

∀y∈Y

nX(y) log
(

nX(y)

NY

)

NY · log(255
3)

(2.20)

4

This work is published in International Conferen
e on Wireless Communi
ations, Signal Pro
essing and

Networking (WiSPNET), Chennai, 2016. (Refer item 3 in Page 117 for details)
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where,

y ∈ {Y : DSM(y) > Pl} (2.21)

Here, nX(y) is the number of 
ount of 
olour ve
tor X(y) and NY is the total number of pixel

lo
ations in Y. We express the threshold Ps as a fun
tion of Es as:

Ps = Ph + Es · (Ps,max − Ph) e
1−Es

(2.22)

where, Ps,max is the maximum allowable value of Ps.

Subsequently, the parameter Pth 
an also be expressed as a fun
tion of Es as:

Pth = P0e
β(1−Es) + Pl (2.23)

where,

P0 = (Ps − Pl) · Es (2.24)

The parameter β 
ontrols the rate of in
rement of Pth with respe
t to Es. From eq. (2.22) and

(2.23) it is 
lear that,

Ps ≈ Ph

Pth ≈ Pl







for Es ≈ 0 , (2.25)

and

Ps ≈ Ps,max

Pth ≈ Ps,max







for Es ≈ 1 (2.26)

Finally, the path 
osts for all the pixel lo
ations x are 
al
ulated and expressed as a 
ost map

for the image as,

C(x) =
n

∑

i=1

Cl (qi−1 → qi)

=Cl(x) + C (qn−1)

(2.27)

The �nal skin mask is obtained by thresholding the 
ost map C(x) with a threshold θth.
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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 
ontains 899 images taken under 
ontrolled illumination 
onditions.

The ECU dataset has two parts, ea
h 
ontaining 2000 images. These images are 
aptured in

un
ontrolled 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 
hoose

the parameters, su
h as a, b,m, η a

ording to [115℄ as a = 1, b = 1,m = 2, and η = 2. We sele
t

Ps,max = 0.9 judi
iously for both of the datasets. Rest of the parameters ex
ept β are generi
,

and they are derived along the 
ourse of the pro
ess. In pra
ti
al s
enario, region growing may

not stop for smooth regions with skin-like 
olour. Therefore, the maximum 
ost in
urred should

be bounded by some value τ . After a large number of experiments, the parameter τ is �xed at

40.

In this experimental validation pro
ess, four measures are sele
ted for evaluation, namely

- dete
tion a

ura
y (A

.), false positive error rate (δfp), false negative error rate (δfn), total

dete
tion error rate(δt), where δt = δfp + δfp. All the dete
tion error values are obtained by

thresholding the 
ost map with a threshold θth. Here, θth 
orresponds to minimum δt.

To derive the optimum value of β, dete
tion errors are 
al
ulated for di�erent values of β

for both of the datasets. Figure 2.5 shows the variations of δt with β in di�erent datasets. It

is evident that at β ≃ 0 the error δt be
omes minimum for both the datasets. This redu
es the

eq. (2.23) into,

Pth ≃ Es · (Ps − Pl) + Pl (2.28)

2.3.2 Experimental validation

In our �rst analysis, performan
e of our proposed ADA is 
ompared with the 
lassi
al LDA.

For this, DSMs are derived for images by repla
ing ADA with the traditional LDA in our

proposed method. The 
omparative results are given in Table 2.1. From the results shown in

Table 2.1, it is evident that ADA gives better inter-
lass dis
rimination than LDA for inter-
lass

overlapping.
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Figure 2.5: Variation of δt with β in di�erent datasets

Table 2.1: Comparison between LDA and ADA in dis
riminative feature extra
tion

Method

HGR database ECU database

δfp
(%)

δfn
(%)

δt
(%)

A

.

δfp
(%)

δfn
(%)

δt
(%)

A

.

SPM + dire
t threshold 5.47 5.15 10.62 0.9470 15.14 9.48 24.62 0.8803

DSM using LDA + dire
t threshold 1.78 5.15 6.93 0.9657 9.56 7.69 17.25 0.9051

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

In our se
ond analysis, we investigated the overall improvement in skin dete
tion due to the

introdu
tion of ADA. For that, dete
tion errors are dire
tly 
omputed for the skin mask BWfinal

after PFCM, and 
ompared with that produ
ed from thresholded DSMs. The 
omparative

analysis is given in Table 2.2 for di�erent datasets. From the results given in Table 2.2, it is

observed that the mask BWfinal 
aptures many true skin regions with very less false a

eptan
e

error. However, it fails to dete
t all the skin regions due to 
olour variations on a

ount of non-

uniform illumination as shown in Figure 2.6. This problem is somewhat resolved with the help

of DSM, whi
h relies on ADA. From Figure 2.6, it is visible that DSM 
an su

essfully identify

more true skin regions as 
ompared to BWfinal.

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

in Figure 2.7 and Figure 2.8. It is observed that the proposed algorithm is able to extra
t a skin
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Image SPM

(inverted)
DSMBW1 BW2 BWfinal

Figure 2.6: Intermediate test results for some sample images sele
ted from HGR and ECU datasets.
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Image SPM

(inverted)

DSM Image DSM Cost mapSPM

(inverted)
Cost map

Figure 2.7: Test results for some sample images sele
ted from HGR dataset.

Table 2.2: Comparison of skin dete
tion between BWfinal and thresholded DSM

Method

HGR database ECU database

δfp
(%)

δfn
(%)

δt
(%)

A

.

δfp
(%)

δfn
(%)

δt
(%)

A

.

BWfinal 0.02 46.55 46.57 0.9007 3.38 27.28 30.66 0.9158

DSM + dire
t threshold 1.21 4.53 5.74 0.9783 8.60 7.84 16.44 0.9128
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Image SPM

(inverted)

DSM Image DSM Cost mapSPM

(inverted)
Cost map

Figure 2.8: Test results for some sample images sele
ted from ECU dataset.
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map whi
h is quite robust to di�erent s
eni
 
hanges in the images. Figure 2.8 also shows that

the proposed skin map is not biased towards any ra
ial skin tone. The a

ura
ies of the methods

whi
h dire
tly use SPM as a dis
riminative map for skin and non-skin pixels signi�
antly

depend on SPM's performan
e in dete
ting true skin regions. An SPM's dis
riminative ability

depends on the quality of the training samples. Therefore, its performan
e degrades in poor

illumination 
onditions or presen
e of skin-like 
oloured regions in the ba
kgrounds. However,

the proposed method adapts to lo
al image 
hara
teristi
s, and it gives a more image spe
i�


dis
riminative map (DSM). From Figure 2.9, it is 
lear that the DSM is able to identify skin

regions 
omparatively more a

urately than the SPM under uneven illumination 
onditions.

Finally, the proposed segmentation method is 
ompared with a number of well known state-

of-the-art methods as given in Table 2.3. The performan
e of other methods are dire
tly ob-

tained from the results shown by Hettiara
h
hi and Peters [16℄ and Xu et al. [119℄. It is evident

from the results shown in Table 2.3 that the in
orporation of DSM in our method signi�
antly

redu
es overall dete
tion 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℄, dis
riminative features are extra
ted by LDA. However, the dis
riminative feature

derived from LDA may not be the most dis
riminative for all the test images. This is due to the

fa
t that the LDA tries to �nd out most dis
riminative features from the training sample sets,

and the training sets of LDA are taken from the randomly sele
ted skin and non-skin samples.

If most of the training samples for two 
lasses are well dis
riminated on a

ount of texture

features, then the proje
tion ve
tor will align in a dire
tion for whi
h texture dis
rimination is

more. The same is also true for 
olour feature. Kawulok et al. also proposed a self-adaptive

seed sele
tion (SASS) region growing algorithm [15℄. In this method, seed pixels derived from

DSPF are used, and a lo
al 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 ba
kground and skin

regions are 
hromati
ally very similar. In these 
ases, derivation of a referen
e pixel set by

the expansion of seed regions may result in in
lusion of some non-skin pixels into the referen
e

pixel set. So, the 
han
e of false positive error in
reases. In 
ontrast to HGR dataset, the skin

and the non-skin regions are 
hromati
ally less similar in most of the images of ECU dataset.

In these 
ases, a lo
al skin model derived from the referen
e pixels gives better skin dete
tion
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Figure 2.9: Test results for some sample images under varying illumination 
onditions
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a

ura
y. The MMSC algorithm [16℄ outperforms all the previously mentioned methods for

both the datasets. However, the MMSC-based method is not adaptive to the 
hanges of s
ene


hara
teristi
s. The ASSC algorithm [21℄ used fa
e for lo
alising seed points. Therefore, the

ASSC method outperforms methods whi
h do not use fa
e dete
tion for lo
alising referen
e

skin pixels. However, this method relies on standard SPM for region growing. Only seeds are

extra
ted from a lo
al skin model derived from fa
ial pixels. The sta
ked auto en
oder-based

skin 
lassi�
ation (SASC) method [22℄ uses a deep network 
omprising 3-stage autoen
oder

layer followed by a softmax layer. Ea
h of the three autoen
oders has 200 hidden neurons.

The proposed DSM-based skin dete
tion algorithm outperforms all the previously mentioned

methods. To test the e�
a
y of DRG, 
ost maps are derived from SPM using the proposed

DRG algorithm. The DRG algorithm outperforms FPSS algorithm for both the datasets. ROC

plots for di�erent methods for both HGR and ECU datasets are shown in Figure 2.10-2.11.

δ
fp

 (%)
0 0.5 1 1.5 2 2.5 3 3.5 4

δ fn
 (

%
)

3

4
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6

7

8
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HGR dataset

Bayes
FPSS
DSPF
SASS
MMSC
Proposed

Figure 2.10: Comparative ROC 
urves HGR dataset

In general, the total area 
orresponding to the skin 
oloured regions is somewhat less than the

non-skin regions. So, a skin dete
tion method needs to produ
e less false a

eptan
e error than

false reje
tion error. It is evident from the ROC 
urves that the optimum operating region of

the proposed method is lo
ated at a region in the plots for δfp ≤ δfn. In Figure 2.12, test results

of di�erent methods are qualitatively 
ompared with the results of our proposed method. For

this, a set of sample images are sele
ted from HGR and ECU dataset. From Figure 2.12, it is
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Figure 2.11: Comparative ROC 
urves ECU dataset

Table 2.3: Comparative analysis of di�erent segmentation methods for HGR and ECU dataset

Method

HGR dataset ECU dataset

δfp
(%)

δfn
(%)

δt (%) A

.

δfp
(%)

δfn
(%)

δt (%) A

.

Bayes 
lassi�er

1
5.47 5.15 10.62 0.9470 15.14 9.48 24.62 0.8803

SASC

2
4.00 20.00 24.00 0.9300 10.00 21.40 31.40 0.8800

FPSS

3
3.46 5.72 9.18 0.9536 15.05 7.31 22.35 0.8924

FNT

4,†
� � � � 9.96 12.86 22.82 0.9053

DSPF

5
2.24 4.34 6.58 0.9668 9.31 9.10 18.41 0.9080

SASS

6
3.16 4.57 7.72 0.9611 9.53 7.16 16.68 0.9175

MMSC

7
1.66 4.41 6.07 0.9692 4.45 11.43 15.74 0.9177

ASSC

8
- - - - 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

1
Bayes 
lassi�er [13℄

2
Sta
ked Autoen
oders-based skin 
lassi�
ation (SASC) [22℄

3
Fast proppagation-based skin segmentation (FPSS) [14℄

4
Flexible neural tree (FNT) [119℄

5
Dis
reminative Skin-Presen
e Feature (DSPF) [9℄

6
Self-adaptive seed sele
tion (SASS) [15℄

7
Multi manifold-based skin 
lassi�
ation (MMSC) [16℄

8
Adaptive seed-based skin 
lassi�
ation (ASSC) [21℄

†
Result is unavailable for HGR dataset .

visible that the proposed skin dete
tion algorithm is 
apable of segmenting out skin 
oloured

regions more e�e
tively than the state-of-the-art methods even if there is a skin-ba
kground
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(a) (b) (c) (d) (e) (f) (g)

Figure 2.12: Comparative demonstration of skin maps of some sample images: a) Original image, b)

Bayes 
lassi�er [13℄, 
) FASS [14℄, d) DSPF [9℄, e) SASS [15℄, f) MMSC [16℄, and g) Proposed DSM.


olour similarity.

2.4 Summary

In our proposed skin segmentation method, dis
rimination between skin and non-skin pixels

are enhan
ed with the help of Adaptive Dis
riminant Analysis (ADA). The proposed ADA

adapts to s
ene 
hara
teristi
s and extra
ts image spe
i�
 dis
riminant feature for skin and
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Image SPM

(inverted)

DSM Image DSM Cost mapSPM

(inverted)
Cost map

Figure 2.13: Unsatisfa
tory 
ost maps for some sample images sele
ted from ECU dataset.

non-skin pixels. Additionally, a dynami
 region growing (DRG) method is employed in our

method. The DRG allows skin regions to grow dynami
ally based on a feedba
k input in

the form of false dete
tion. The main advantage of our proposed method is that the most

dis
riminant features are extra
ted from an image itself, and hen
e, our method is suitable for

di�erent ba
kgrounds. However in some of the instan
es, skin regions have altogether di�erent


olour 
hara
teristi
s due to poor lighting 
onditions and/or 
oloured light sour
es. In these

spe
i�
 situations, SPM fails to identify the skin pixels. Also, the proposed ADA may fail to

a

urately dete
t skin regions when the non-skin regions have almost similar 
olour and texture


hara
teristi
s as that of skin regions. Figure 2.13 shows some of su
h 
ases where the proposed

method does not produ
e satisfa
tory results.
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Distribution Information

The previous method 
an not perfe
tly handle non-uniform illumination as improper illumi-

nation makes skin regions to appear darker than its a
tual tone. Also, the derivation of an

a

urate dis
riminative spa
e map of an image is possible only if the largest skin-like 
oloured

region in an image belong to skin. To over
ome these limitations of the previous method, a new

skin dete
tion method is proposed whi
h is based on a lo
al skin model adaption s
heme by utiliz-

ing image pixel distribution information. The distribution image pixels in a given 
olour spa
e

is approximated by a Gaussian mixture model (GMM), whi
h is termed as image distribution

model (IDM). In this method, a lo
al skin distribution model (LSDM) and a lo
al ba
kground

distribution model (LBDM)are derived by �nding the similarities of the Gaussian 
omponents

of IDM to a given referen
e skin distribution model. The referen
e skin model is derived from a

set of fa
ial skin pixels, and it is termed as fa
ial skin distribution model (FSDM). Subsequently,

a lo
al 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 redu
tion in dete
tion errors.

Experimental results show that the proposed FSPM 
an better dis
riminate skin regions from

non-skin regions as 
ompared to the state-of-the-art methods.
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3.1 Introdu
tion

The a

ura
y of 
olour-based skin segmentation algorithms are limited due to the presen
e of

some 
olours in the ba
kground, whi
h are similar to human skin 
olour, and poor illumination


onditions. Skin like-
olours in the ba
kground in
reases false positive dete
tion. On the other

hand, poor illumination may altogether 
hange the 
hrominan
e properties of the a
tual skin


olours, and the a
tual skin 
olour will be di�erent from the image 
olour. Many authors

like [99, 120�122℄ 
onverted the 
olour spa
e from RGB spa
e to another spa
e, dropped the

luminan
e 
omponent, and used only the 
hrominan
e 
omponents in order to 
ompensate

the brightness variations in the image. However, Storring et al. [123℄ showed that the skin

re�e
tan
e lo
us and the illuminant lo
us are dire
tly related. This means that the per
eived


olour depends on s
ene illumination.

To over
ome these problems, many resear
hers proposed lo
al adaptation s
hemes for a

global skin dete
tion model by utilizing lo
al 
hromati
 and/or textural informations. It is

observed that fa
ial skin 
olour resembles the overall skin tone of a person. Motivated by this

fa
t, some resear
hers extra
ted pixels of the fa
ial regions in and image and used them as

a referen
e skin tone for lo
al adaptation of the global skin dete
tion model. For example,

Kawulok et al. [19℄ proposed a dynami
 skin model, where the global pixel statisti
s are fused

with lo
al statsiti
s of fa
ial skin pixels. Yogarajah et al. [20℄ proposed a dynami
 thresholding-

based pproa
h by using 
hromati
 properties of fa
ial skin pixels. Tan et al. [10℄ fused a

smoothed 
olour histogram and a Gaussian skin model with the help of fa
ial skin pixels as

referen
e. Kawulok et al. [21℄ used a lo
al skin distribution model derived from fa
ial skin

pixels to obtain seed regions for their propagation-based skin segmentation method. However,

skin appearan
e over a body 
hanges on a

ount of non-uniform illuminations. Therefore, a

skin model obtained only from the fa
ial skin pixels 
annot generalize the overall skin 
olour

distribution of a person due to insu�
ient training skin samples.

In view of the above-mentioned issues relating to a

urate skin region dete
tion, a novel

skin dete
tion algorithm is proposed by utilising the information of the distribution of image

pixels. We 
onsidered the prin
iple that an image 
an be 
lustered into a number of Gaussian

distributed 
lusters [124℄. So, the pixel distribution 
an be modelled as a mixture of Gaussian

fun
tions. The image pixel distribution model is termed as image distribution model (IDM). So,

the Gaussian distributed 
lusters of skin pixels should be statisti
ally 
loser to a referen
e skin
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pixel distribution in a given 
olour spa
e. The referen
e skin pixel 
luster 
ould be either ob-

tained from a skin model derived from a set of skin pat
hes belonging to di�erent people or from

the fa
ial pixels of a person present in the image. Subsequently, a new Lo
al Skin Probability

Map (LSPM) is derived by measuring the similarity between IDM and the referen
e skin pixel

distribution model. Finally, a fusion-based probability map is derived by 
ombining a global

skin probability map (GSPM) with the proposed LSPM. Subsequently, a the proposed dynami


region growing (DRG) method is applied in order to improve the segmentation a

ura
y. The

proposed method is dis
ussed in details in the se
tion to follow.

3.2 Proposed Method

In our proposed method, the image pixel distribution model is 
oupled with some referen
e

skin pixels to 
apture the variations of lo
al skin 
olours. The lo
al skin dete
tion model is then

fused with a skin dete
tion model derived from some globally obtained samples. Performan
e-

wise, a fusion-based model 
an give more a

ura
y as 
ompared to either global or lo
al skin

models. The proposed skin segmentation algorithm has mainly four basi
 steps, and all these

steps are des
ribed in the following se
tions.

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 
lass are required. The training samples are obtained from a set of randomly

sele
ted images from a standard dataset. That is why these samples are termed as �global�

samples, and the 
orresponding SPM is termed as �Global Skin Probability Map� (GSPM).

Derivation of GSPM involves derivation of two global likelihood fun
tions (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 
an be modelled using GMM as:

P (X|S) =

Kgs
∑

i=1

ωgs
i N (µgs

i ,Σ
gs
i ) , (3.1)

where, ωgs
i is the prior probability weight, Kgs is the number of Gaussians used for GMM, µgs

i

is the mean, and Σgs
i 
ovarian
e matrix of the ith Gaussian Gi (µ

gs
i ,Σ

gs
i ). In this expression, X
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is the 
olour 
omponent ve
tor. In this thesis, this model is termed as global skin distribution

model (GSDM), whi
h is expressed as,

Ggs ≡ P (X|S), (3.2)

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

P (X|NS) =

Kgb
∑

k=1

ωgb
k N

(

µgb
k ,Σ

gb
k

)

, (3.3)

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

termed as global ba
kground distribution model (GBDM), whi
h is expressed as,

Ggb ≡ P (X|NS), (3.4)

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

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

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 respe
tively.

P (S) and P (NS) are skin and non-skin priors 
al
ulated from the training skin and non-skin

pixels.

3.2.2 Image pixel distribution model

Image pixel distribution gives an insight of an image 
hara
teristi
s. We assume that pixels

of an image group into multiple overlapped Gaussian distributed 
lusters. So, the pixel distri-

bution h(X) of an image 
an be modelled as a mixture of Gaussians with maximum number

of 
omponents Kmax. Here, X = [R,G,B]′ is the 
olour ve
tor. Initialization of the GMM

is done with the help of k-means algorithm, and the 
luster means (µI
) are obtained. The


ovarian
e matri
es (ΣI
) for all the Guassians are assumed to be identity matri
es. Also, the

prior Gaussian weights (ωI)) are assumed to be equal. Therefore, we 
an model the image pixel

distribution as:

h(X) = G(µI ,ΣI , ωI) , (3.6)
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Algorithm 1: Proposed EM-algorithm

Data: Xi where, i = 1, ..,M ×N
Result: µI ,ΣI , ωI ,KI

Initialize: µI ,ΣI , ωI

Set: Maximum number of iterations itermax

Set: K = Kmax

for 1 ≤ i ≤ itermax do

E-Step:

Compute the membership weights ωI
k

M-Step:

Compute the parameters µI ,ΣI , ωI

for 1 ≤ k ≤ K do

if ΣI
k = singular then
Drop the kth Gaussian

K ⇐ K − 1
KI = K

else

Do not update KI

end

end

end

return µI ,ΣI , ωI ,KI

However in some of the instan
es, modelling of the pixel distribution of an image using GMM

not be suitable due to the o

urren
e of ill-
onditioned 
o-varian
e matri
es of some 
lusters.

These 
lusters may have signi�
antly less number of samples. To address this appli
ation

spe
i�
 issue, the M-step of the EM-algorithm for GMM is modi�ed to suit our purpose.

For this, a singularity 
he
k of the 
o-varian
e matri
es is performed at ea
h of the iteration

in the M-step. We performed the singularity 
he
k with the help of Statisti
s and Ma
hine

Learning Toolbox of Matlab

R©
. If the 
o-varian
e matrix fails the singularity 
he
k, then the


orresponding Gaussian 
omponent is dropped from the mixture. After the 
onvergen
e of EM

algorithm, the �nal value of Gaussian 
omponents KI is obtained. Hen
e, the IDM is given as:

h(X) =

KI
∑

k=1

ωI
kN

(

µI
k,Σ

I
k

)

. (3.7)

3.2.3 Fusion-based skin probability map

This step has two parts � a) Derivation of a lo
al skin and ba
kground distribution model,

and b) Fusion of a lo
al skin probability map (LSPM) derived from these lo
al distribution
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Figure 3.1: Illustration of GMM modelling of image pixel distribution: a) Original image, b) Image

pixel distribution model.

models with the GSPM. The derivation of a lo
al skin distribution model (LSDM) and a lo
al

ba
kground distribution model (LBDM) requires a referen
e skin 
olour distribution model.

For this, we follow two approa
hes � a) sele
tion of GSDM as the referen
e skin distribution

model, and b) derivation of lo
al skin distribution model from a set of pixels belonging to the

fa
ial 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 approa
h, an LSDM and an LBDM are derived from the IDM by measuring its

similarity with the GSDM as shown in Figure 3.2. It is observed that the 
lusters of IDM,

whi
h have skin pixels, are statisti
ally 
loser to the GSDM. Therefore, The inverse of the

inter-
luster distan
e between the IDM and the GSDM 
an be used as a skin similarity index

for the Gaussian 
omponents of IDM. The inverse fun
tion is more sensitive to the distan
e


hanges in lower distan
e range as 
ompared to higher distan
e range. On the other hand, the

logarithm fun
tion is less sensitive to the variation of argument in a higher range as 
ompared to

a lower range. So, taking the logarithm of the distan
e values gives a non-skin similarity index,

whi
h shows approximately 
omplementary variation in the skin similarity index variation.

Therefore, the skin similarity index (dGI
S,i) and the non-skin similarity index (dGI

NS,i) of the i
th
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Figure 3.2: Similarity mat
h between GSDM and IDM.

Gaussian 
omponent GI
i are expressed as:

dGI
S,i =

[

min
1≤j≤Kgs

{

D
(

GI
i , G

gs
j

)}

]−1

dGI
NS,i = log

[

1 + min
1≤j≤Kgs

{

D
(

GI
i , G

gs
j

)}

]
, (3.8)

where,

D
(

GI
i , G

gs
j

)

=
(

µI
i − µ

S
j

)′
·
(

Σ
gs
j

)−1
·
(

µI
i − µ

gs
j

)

. (3.9)

Here, the supers
ript GI denotes similarity between GSDM and IDM. An LSDM (hS) should

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

probability. Hen
e, the lo
al distribution models for skin and non-skin pixels of an image are

expressed as:

hS(X) =

KI
∑

i=1

λSi ·N
(

µI
i ,Σ

I
i

)

hNS(X) =

KI
∑

i=1

λNS
i ·N

(

µI
i ,Σ

I
i

)

, (3.10)

where,

λSi =
dS,i

KI
∑

i=1

dS,i

and λNS
i =

dNS,i

KI
∑

i=1

dNS,i

. (3.11)
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Therefore, Lo
al SPM (LSPM) of an image is given by:

LSPMNoFace(X) =
P (S)hS(X)

P (S)hS(X) + P (NS)hNS(X)
. (3.12)

Hen
e, the Fusion-based SPM (FSPM)

1

is obtained as:

FSPMNoFace(x) = ρLSPMNoFace(x) + (1− ρ)GSPM(x) , (3.13)

where, ρ ∈ [0, 1]. However, the appli
ability of this approa
h is limited in the presen
e of skin-

like 
olours in the ba
kground. Skin-like ba
kground 
olours may show signi�
ant similarity

with a
tual skin 
olours. This may result in a large amount of false a

eptan
e error. It is

evident that fa
ial skin 
olour resembles the skin 
olour of a person. Therefore, the similarity

measurement should be performed between the IDM and a model des
ribing fa
ial skin pixel

distribution also termed as fa
ial skin pixel distribution model (FSDM). This helps in reje
ting

the skin-like 
oloured ba
kground regions more e�e
tively.

3.2.3.2 FSPM derivation by using FSDM

The proposed fusion-based skin modelling lo
ates the skin pixels in the fa
ial region. At �rst,

the fa
e is lo
ated using the algorithm proposed by Viola and Jones [125℄. The distribution of

referen
e skin pixels extra
ted from the fa
e region is modelled as a single multi-variate Gaussian

fun
tion Gf ≡ N
(

µf ,Σf
)

. If the fa
e and the other body parts are uniformly illuminated, then

the skin pixels 
an be dete
ted with the help of a lo
al fa
e model derived from the skin pixels

of the fa
ial region. But in pra
ti
e, the lo
al fa
e model may fail to dete
t the apparent 
olour

variations in the skin regions of di�erent body parts due to non-uniform illumination. Our

observation is that in spite of small lo
al 
olour variations, the overall 
hromati
 properties of

the skin regions do not 
hange signi�
antly. So, the 
lusters of IDM with a
tual skin pixels

will be statisti
ally 
loser to the lo
al fa
e model. Subsequently, a lo
al skin probability map

(LSPMFace) is derived using the IDM and its similarity with FSDM as shown in Figure 3.3. We

use the following notation in the rest of this 
hapter for simpli
ity, GI
i ≡ N

(

µI
i ,Σ

I
i

)

. Hen
e, the

skin similarity index (dFI
S,i) and the skin dissimilarity index (dFI

NS,i) of the i
th
Gaussian 
omponent

1

This work has been published in Indian Conferen
e on Computer Vision, Graphi
s and Image Pro
essing

(ICVGIP), ACM 2016 (Refer item 1 in Page 117 for details)
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GI
i is expressed as:

dFI
S,i =

1

D (GI
i , G

f)
and dFI

NS,i = log
[

1 +D
(

GI
i , G

f
)]

, (3.14)

where,

D
(

GI
i , G

f
)

=
(

µI
i − µ

f
j

)′

·
(

Σ
f
j

)−1

·
(

µI
i − µ

f
j

)

. (3.15)

Here, the supers
ript FI denotes Fa
e-Image similarity. The proposed skin and skin dissimilar-

ity indexes are used to derive the lo
al distribution models for both the skin and the non-skin

pixels of an image. The LSDM for skin pixels (hFS ) and the LBDM for non-skin pixels (hFNS)

are expressed as:

hfS(X) =

KI
∑

i=1

ηSi ·N
(

µI
i ,Σ

I
i

)

and hfNS(X) =

KI
∑

i=1

ηNS
i ·N

(

µI
i ,Σ

I
i

)

, (3.16)

where,

ηSi =
dFI
S,i

KI
∑

i=1

dFI
S,i

and ηNS
i =

dFI
NS,i

KI
∑

i=1

dFI
NS,i

. (3.17)

Therefore, the Lo
al SPM (LSPM) of an image is given by:

LSPMFace(x) =
P (S)hfS(X)

P (S)hfS(X) + P (NS)hfNS(X)
. (3.18)

The LSPM generally produ
es more dis
rimination between the skin and the non-skin regions.

But, it also assigns higher probability values to the skin regions or 
olours similar to fa
ial

region. So, there is a 
han
e of more false dete
tion. That is why, the fusion should be done

in su
h a way that the overall dete
tion error is low. Also, the fa
e may be inadequately

illuminated. For su
h spe
i�
 situations, the GSPM will have less in�uen
e on the overall

skin model. Keeping all these 
onsiderations in view, we proposed a fusion rule to derive the
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Figure 3.3: Similarity in Fa
e-Image model: a) Skin model derived from fa
ial skin pixels, b) IDM

with ea
h 
luster 
oloured in a

ordan
e with the skin similarity index, and 
) IDM with ea
h 
luster


oloured in a

ordan
e with skin dissimilarity index. In the 
olourmap, Red represents smallest index

value, whereas Yellow represents highest index value. The Yellow-
oloured 
luster in (b) is 
losest to

the skin 
olour.

proposed Fusion-based SPM (FSPMFace) as follows:

If GSPMf
avg ≥ σ,

FSPMFace(X) = min {GSPM(X), LSPMFace(X)}

otherwise,

FSPMFace(X) = α · LSPMFace(X) + (1− α) ·GSPM(X)

(3.19)

where, GSPMf
avg is the average GSPM value of the fa
e masked pixels, and α ∈ [0, 1]. σ is a

thresholding value for GSPM. Apparently, both σ and α should be high enough to minimize

the overall dete
tion error. Figure 3.4 shows dis
rimination between the skin and the non-
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(a) (c) (d) (e) (f)(b)

Figure 3.4: FSPM from fa
e: a) Original image, b) GSPM [13℄, 
) SPM derived dire
tly from the

pixels of a fa
ial region, d) LSPM derived from fa
e-image model similarity, e) Proposed FSPM, and f)

Groundtruth results. The red 
oloured bounding boxes show the spe
i�
 regions, where our proposed

FSPM gives 
omparatively better dis
rimination between the skin and the non-skin regions.
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skin regions. It is evident that the proposed FSPM

2

is able to produ
e more dis
rimination

between the skin and the non-skin regions for di�erent s
ene 
hara
teristi
s ranging from low

illumination to skin-like ba
kgrounds.

The �nal skin mask for a given image 
an be easily obtained by dire
t thresholding of either

of the above FSPMs with a suitable threshold. However, dire
t thresholding may 
onsider some

non-skin regions with 
omparatively higher FSPM values as skin. This in
reases the 
han
e of

false positive error. Therefore, we use the dynami
 region growing (DRG) method as proposed

in Chapter 2 to obtain a 
ost map C(x) for skin regions. The �nal skin mask is obtained by

thresholding the 
ost map C(x) with a threshold θth.

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 
onditions with mostly non-skin

looking ba
kgrounds. A set of 200 images belonging to this dataset are manually annotated for

the experimental validation pro
ess. The NUS dataset 
ontains hand pose images taken under

random ba
kground and natural illumination 
onditions. We sele
ted a set of 500 images from

NUS dataset, whi
h are manually annotated. The HGR dataset 
ontains 899 images 
aptured

under varying illumination 
onditions in an indoor environment with some images having skin-

like 
oloured ba
kgrounds. The ECU dataset 
ontains two sets of images (ea
h 
ontaining 2000

images), whi
h are 
aptured in un
ontrolled natural environments. To obtain the GSPM, skin

and ba
kground pat
hes from one set, while the other is used for experimental validation. The

optimum number of Gaussian 
omponents for the GSDM i.e. (KS) and the GBDM i.e. (KNS)

are obtained using Bayesian information 
riterion (BIC). In our 
ase, the optimum value of the

KS is found to be 6, and that of the KNS is 9.

In this experimental validation pro
ess, four measures are sele
ted for evaluation, namely

- dete
tion a

ura
y (A

.), false positive error rate (δfp), false negative error rate (δfn), total

dete
tion error rate(δt), where δt = δfp + δfp. All the dete
tion error values are obtained by

thresholding the 
ost map with a threshold θth. Here, θth 
orresponds to the minimum δt.

We also analyse the dependen
y of δt and 
omputational time on the maximum number of

2

This work has been published in Pattern Re
ognition Letters, 2017. (Refer item 1 in Page 117 for details)
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omponents Kmax of the Gaussian mixture model. For this, δt value is 
al
ulated for di�erent

values of Kmax. It is observed that, δt de
reases very slowly for Kmax > 11. On the other

hand, an in
rease of Kmax in
reases the 
omputational time. It is observed that the average


omputation time for an image almost linearly in
reases with Kmax. Keeping these two 
on-

�i
ting requirements in view, the optimum value of Kmax is �xed at 11. It is found thatthe

DRG produ
es an optimum result for FSPMs at Ps,max = 0.8.

3.3.1 Experimental validation for FSPMNoFace

It is observed that GSPM gives a 
omparatively better a

ura
y in presen
e of ba
kground

similarity but, performs poorly in 
ase of poor illumination. On the other hand, the lo
al

skin model performs well in presen
e of poorly illuminated 
onditions but performs poorly in

presen
e of ba
kground 
olour similarity. Hen
e, the parameter ρ is sele
ted to be 0.5 for the

validation of FSPMNoFace, and kept �xed for all the datasets.

At �rst, we analysed the e�e
t of β on the overall dete
tion error. For this, dete
tion errors

are 
al
ulated with varying β values for the di�erent dataset. A plot illustrating δt vs β is

obtained for di�erent datasets as shown in Figure 3.5. It is observed that δt be
omes the lowest

for all the dataset ex
ept for the Cambridge dataset at β ≈ −1. For HGR and NUS dataset, δt

slowly in
reases when β > −1, whereas it remains almost 
onstant for ECU dataset. Cambridge

is the only dataset whose total dete
tion error keeps redu
ing with de
reasing β owing to very

little skin-like 
olour present in the ba
kground. This makes region growing less restri
ted.

However, images of Cambridge dataset belong to a spe
i�
 situation, where illumination is

non-uniform and there are no skin-like 
olours present in the ba
kground. In general, skin-like


olours 
ould be present in the ba
kground. Therefore, we 
hoose β = −2 for the rest of this

validation pro
ess.

For experimental validation, the proposed method is 
ompared with a set of state-of-the-

art methods, su
h as - Bayes 
lassi�er [13℄, Sta
ked Autoen
oders-based skin 
lassi�
ation

(SASC) [22℄, Fast propagation-based skin segmentation (FPSS) [14℄, Self-adaptive seed sele
tion

(SASS) [15℄, Multi manifold-based skin 
lassi�
ation (MMSC) [16℄, Flexible neural tree (FNT)

[119℄, Random forest-based skin 
lassi�
ation (RFSC) [17℄, CMYK 
olour spa
e-based skin


lassi�
ation [18℄. The 
omparative results for Cambridge dataset and NUS dataset are given

in Table 3.1. For HGR and ECU dataset, 
omparative results are provided in Table 3.2. It is
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Figure 3.5: δt vs β for di�erent datasets


learly visible that the fusion of image pixel distribution information with a global skin 
olour

model signi�
antly improves the skin dete
tion pro
ess for all the datasets. The images of

Cambridge dataset are taken under 
omparatively higher non-uniform illumination 
onditions

than the other datasets. Thus, false negative rate for Cambridge dataset is the highest among

all the datasets. Now, region growing-based methods redu
e false positive rate at a 
ost of

an in
reased false negative error rate. So, the dire
t thresholding-based method produ
es


omparatively less overall dete
tion error rate in this 
ase. The images of NUS and ECU

dataset are taken under un
onstrained environments with a 
olour similarity of ba
kground to

human skin 
olour in some images. For them, the 
han
e of false positive error rate be
omes

high in presen
e of skin-like ba
kground 
olours. So, for these two datasets region growing-

based methods dete
t skin regions with 
omparatively less overall dete
tion error. The images

in HGR dataset are taken under poor but moderately uniform illumination 
ondition. In 
ase

of region growing methods, the more is the uniformity in illumination, the better is the growing

pro
ess. Thus, region growing methods also perform better in 
ase of HGR dataset. The


omparative ROC plots for all the datasets are provided in Figure 3.6 and Figure 3.7. The


omparative performan
e analysis is also provided in Figure 3.8. Here, multiple images from

ea
h of the datasets are sele
ted to show the dete
tion results. It is 
learly observable that the

74

TH-2081_126102023



3.3 Experimental Analysis

Table 3.1: Comparative analysis of di�erent segmentation methods using Cambridge and NUS dataset

Method

Cambridge database NUS database

δfp(%) δfn(%) δt(%) A

. δfp(%) δfn(%) δt(%) A

.

Bayes 
lassi�er [13℄ 16.63 18.76 35.39 0.8243 11.42 12.65 24.07 0.8837

FPSS

1
[14℄ 0.52 43.82 44.34 0.8463 9.06 10.95 20.01 0.9047

CMYK 
olour spa
e [18℄ 0.41 42.75 43.16 0.8499 16.82 7.49 24.31 0.8474

RFSC [17℄ 0.61 68.80 69.41 0.7602 3.05 46.83 49.88 0.8950

SPM + DRG 0.77 38.76 39.53 0.8615 5.45 11.21 16.67 0.9356

FSPM

NoFa
e

+ dire
t

threshold

6.54 10.32 16.86 0.9202 6.83 7.88 14.71 0.9299

FSPM

NoFa
e

+ DRG 2.22 19.96 22.18 0.9148 5.85 6.11 11.96 0.9414

Table 3.2: Comparative analysis of di�erent segmentation methods using HGR and ECU dataset

Method

HGR database ECU database

δfp(%) δfn(%) δt(%) A

. δfp(%) δfn(%) δt(%) A

.

Bayes 
lassi�er [13℄ 5.47 5.15 10.62 0.9470 15.14 9.48 24.62 0.8803

SASC [22℄ 4.00 20.00 24.00 0.9300 10.00 21.40 31.40 0.8800

FPSS [14℄ 3.46 5.72 9.18 0.9536 15.05 7.31 22.35 0.8924

CMYK 
olour spa
e [18℄ 20.42 2.65 23.07 0.8348 21.79 9.87 31.66 0.8431

RFSC [17℄ 0.28 36.44 36.72 0.9225 3.05 46.83 49.88 0.8950

FNT

†
[119℄ � � � � 9.96 12.86 22.82 0.9053

SASS [15℄ 3.16 4.57 7.72 0.9611 9.53 7.16 16.68 0.9175

MMSC [16℄ 1.66 4.41 6.07 0.9692 4.45 11.43 15.74 0.9177

SPM + DRG 3.30 4.07 7.37 0.9667 8.05 8.02 16.07 0.9198

FSPM

NoFa
e

+ dire
t

threshold

2.96 3.29 6.25 0.9710 9.07 9.18 18.25 0.9090

FSPM

NoFa
e

+ DRG 2.82 2.94 5.76 0.9724 7.54 7.35 14.90 0.9242

GSPM mostly fails to dete
t the skin regions of an image under varying illumination 
onditions.

The fusion-based model adapts to the lo
al pixel distribution, and makes the skin pixels more

highlighted. It is also observable that the proposed skin dete
tion method is not biassed towards

any parti
ular skin tone and performs well for all type of skin 
olours. However, the proposed

FSPM

NoFa
e

derivation relies on relative similarity of IDM pixel 
lusters with the GSDM pixel


lusters. In some situations, some ba
kground region may show more skin similarity with

GSDM as 
ompared to a
tual skin regions due to poor illumination. Therefore, the referen
e

skin distribution model should be adaptive to the skin 
olour of a person present in an image.
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Figure 3.6: ROC 
urves for di�erent methods: a) Cambridge dataset, b) NUS dataset.
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Figure 3.7: ROC 
urves for di�erent methods: a) HGR dataset, b) ECU dataset.
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(a)
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Figure 3.8: Skin segmentation results : a) original image, b) SPM, 
) SPM + dire
t threshold , d)

FPSS [14℄, e) SPM + DRG , f) Random Forest [17℄, g) CMYK 
olour spa
e [18℄, h) FSPM

NoFa
e

, i)

FSPM + dire
t threshold, j) FSPM

NoFa
e

+ DRG, and k) Ground truth. In the �rst row, �rst three

images are from Cambridge dataset, next three images are from NUS dataset, next two images are

from HGR2b dataset, and �nal four images are from ECU dataset. Here, white 
olour represents true

positive, bla
k 
olour represents true negative, red 
olour represents false positive, and green 
olour

represents false negative.
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Figure 3.9: Variation of δfp and δfn with θth for di�erent values of σ

3.3.2 Experimental validation for FSPMFace

In addition to ben
hmark methods as mentioned in se
tion 3.3.1, the proposed method is also


ompared with an additional set of state-of-the-art methods, su
h as - Dynami
 skin model-

based skin 
lassi�
ation (DSMSC) [19℄, Adaptive seed-based skin 
lassi�
ation (ASSC) [21℄,

Smooth histogram-based skin 
lassi�
ation (SHSC) [10℄, Dis
riminative Skin-Presen
e Feature

(DSPF) [9℄, Dynami
 threshold�based skin 
lassi�
ation (DTSC) [20℄. The parameter β is kept

�xed at -2 as mentioned in the last se
tion.

The parameter σ maintains a balan
e between possible false a

eptan
e and false reje
tion

errors. Therefore, it is ne
essary to obtain an optimum value of σ so that the system 
an have a

more dynami
 range of operation without generating signi�
ant in
rease in dete
tion errors. To

obtain the optimum value of σ, dete
tion errors are 
al
ulated at three instan
es of σ, su
h as

σ = 0.9, σ = 0.75, and σ = 0.6. Figure 3.9 shows the variation of both δfp and δfn w.r.t. θth for

di�erent values of σ. It is observed that FSPM
Fa
e

produ
es the lowest δfn for σ = 0.6 but, gives

the highest δfp for a �xed threshold value θth. On the other-hand, δfp is the lowest for σ = 0.9

but, at the 
ost of highest δfn. The points p1, p2, and p3 are the three operating points, where

FSPM

Fa
e

produ
es optimum results with dire
t thresholding. The proposed FSPM is expe
ted

to produ
e lower false a

eptan
e error during region growing with higher true positive rate. It

is found that the proposed FSPM

Fa
e


an produ
e optimum results at σ ≈ 0.75. Therefore, the
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Table 3.3: Comparative analysis of di�erent segmentation methods using ECU dataset

Method δfp(%) δfn(%) δt(%) A

.

Bayes 
lassi�er [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 
olour spa
e [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

FSPM

NoFa
e

+ dire
t threshold 9.07 9.18 18.25 0.9090

FSPM

Fa
e

+ dire
t threshold 7.94 8.60 16.54 0.9176

FSPM

Fa
e

+ DRG 5.94 6.15 12.09 0.9384

parameter σ is kept �xed at 0.75 for the validation pro
ess.

A 
omparative analysis of existing skin dete
tion methods with our proposed FSPM-based

method is performed. The detailed 
omparative analysis is shown in Table 3.3. The ben
hmark

methods 
an be broadly grouped into two 
lasses � methods without fa
e dete
tion and methods

using fa
e dete
tion. Methods without fa
e dete
tion in
lude Bayes 
lassi�er, SASC, DTSC,

FPSS, CMYK 
olour spa
e-based method, RFSC, FNT, DSPF, SASS, MMSC. On the other

hand, skin dete
tion methods, su
h as SHSC, DSMSC, ASSC use fa
e dete
tion-based referen
e

pixel extra
tion. The SPM proposed by [13℄ is a global map for skin 
olour. On the other hand,

the proposed FSPM uses both global statisti
s of skin 
olour and also image spe
i�
 data. So,

the proposed skin dete
tion method is more robust to di�erent s
ene 
hara
teristi
s in
luding

illumination variations. Skin dete
tion methods, method proposed by Sawi
ki et al. [18℄ do

not use fa
e for dete
ting the skin pixels. So, the dete
tion a

ura
ies of these methods are

totally dependant on global properties of skin pixels. Among these three methods, Kawulok's

method used texture features along with 
olour 
hara
teristi
s to enhan
e the dis
rimination

between skin and non-skin regions. Rest of the baseline methods used fa
e dete
tion-based
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Figure 3.10: Skin segmentation results : a) Original image, b) SPM, 
) Proposed FSPM, d) SPM +

dire
t threshold [13℄, e) DSMSC [19℄ + dire
t threshold, f) DSMSC [19℄ + FPSS [14℄, g) DTSC [20℄,

h) SHSC [10℄, i) ASSC [21℄, j) DSPF [9℄, k) FSPM

Fa
e

+ dire
t threshold, l) FSPM

Fa
e

+ DRG, and

m) Ground truth. Here, white 
olour represents true positive, bla
k 
olour represents true negative,

red 
olour represents false positive, and green 
olour represents false negative.
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model adaptation. It is evident from the result given in Table 3.3 that skin dete
tion methods,

whi
h use fa
e dete
tion-based model adaptation te
hnique perform mu
h better as 
ompared to

the methods, whi
h do not use fa
ial regions for model adaptation. The Dynami
 thresholding

method [20℄, Fusion of smooth histogram and Gaussian model [10℄ dete
t pixels of the fa
ial

regions, and the a

ura
y of skin pixels dete
tion solely depends on the lo
al model only derived

from the pixels of fa
ial regions. The method proposed by [9℄ derives a dis
riminative spa
e

for both 
olour and texture features without utilising lo
al adaptation. The method performs


omparatively better than other listed methods without adaptation. It is evident from Table

3.3 that the proposed fusion-based skin model 
an produ
e a better result as 
ompared to the

existing methods. The major advantage of sele
ting FSPM

Fa
e

over FSPM

NoFa
e

is the former

is more user or person spe
i�
 as 
ompared to the later. Thus, FSPM

Fa
e


an dis
riminate

a
tual skin regions more a

urately in presen
e of skin like ba
kground 
olours as 
ompared

to FSPM

NoFa
e

(see Table 3.3). Figure 3.10 shows the 
omparative analysis qualitatively. It

is evident from these results that the proposed fusion-based model 
an more a

urately dete
t

the skin pixels in any varying s
ene 
hara
teristi
s ranging from poor illumination to skin-like

ba
kgrounds.

3.4 Summary

In this 
hapter, a novel fusion-based skin dete
tion method is proposed. The pixel distribu-

tion information of an image is used to derive an image spe
i�
 skin probability map or lo
al

SPM. The �nal skin probability map is obtained by fusing the globally obtained SPM and the

lo
al SPM. The fusion of the global and lo
al SPM gives the �nal fusion-based SPM (FSPM).

When skin-like 
oloured obje
ts are present in the ba
kground, the proposed FSPM uses the

best parts of both global and lo
al skin models. That is why, our method produ
es less false

positives. On the other hand, global model fails to properly dete
t the skin regions when the

s
ene illumination is poor. In this situation, the proposed lo
al model uses image pixel distri-

bution information and models the skin pixels distribution more a

urately. So, false negative

would be less. Experimental results obtained for a standard dataset show that our proposed

FSPM 
an give signi�
antly better results as 
ompared to the state-of-the-art methods, whi
h

use only the SPM.
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4
Dete
tion of Skin Regions in Videos under

Lo
al Colour Deformations

Dete
tion of skin regions in videos is a 
hallenging resear
h problem in presen
e of un
ontrolled

illumination 
onditions. The 
hromati
 appearan
e of skin regions may 
hange lo
ally due to

lo
al shading e�e
ts, whi
h may o

ur due to the motion of di�erent body parts. To address

this spe
i�
 issue, a dynami
 adaptation s
heme is proposed to dete
t skin regions whi
h are

a�e
ted by lo
al 
olour deformations. The proposed method has two modules � a stati
 module

for dete
tion of stati
 skin regions; and a dynami
 module for dete
tion of moving skin regions.

The stati
 module 
onsists of a fa
ial skin distribution model (FSDM) and a video spe
i�


ba
kground model. The video spe
i�
 ba
kground model termed as fusion-based ba
kground

distribution model (FBDM) is obtained by using a lo
al ba
kground distribution model (LBDM)

and a global ba
kground distribution model (GBDM). The LBDM is obtained by 
onsidering the

similarities of a frame pixel distribution model with the FSDM and the GBDM. Subsequently,

the FBDM is derived by using the LBDM and the GBDM. In the dynami
 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 whi
h are obtained by using a modi�ed double frame-di�eren
e

method. The �nal MSDM is obtained by performing a �ltering pro
edure based on similarities of

the initial MSDM with the FSDM and the FBDM. Finally, the stati
 and the dynami
 modules

are fused by following a maximisation rule.
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4. Dete
tion of Skin Regions in Videos under Lo
al Colour Deformations

4.1 Introdu
tion

Skin dete
tion is an important step for many Human Computer Intera
tion (HCI) appli-


ations. However, various fa
tors make skin dete
tion 
hallenging, su
h as variations in s
ene

illumination, ethni
ity, shadow, ba
kground and 
amera 
hara
teristi
s. One of the major


hallenges is the e�e
t of illumination variations on skin 
olour appearan
e. Skin regions look

di�erently from its a
tual tone under varying illumination 
onditions. Illumination variation


an o

ur in two ways � globally and lo
ally. A global variation of illumination o

urs when the


hara
teristi
s of the illuminating sour
e vary with time. On the other hand, lo
al illumination

variation o

urs when illumination be
omes non-uniform over the exposed skin regions. One of

the major reason behind the non-uniform illumination is the 
urved nature of the skin surfa
e.

This 
auses a formation of form shadows on the skin surfa
e. In addition to form shadows,


ast shadows may be produ
ed by one of the moving body parts onto another body part. In


ase of dire
tional light sour
es, the extent of illumination on a skin pat
h also depends on its

orientation with respe
t to the light sour
e. In most of the HCI appli
ations, the o

urren
e of

lo
al illumination variations is more frequent and 
ommon as 
ompared to global illumination

variations.

In re
ent years, many resear
h works [9,16,22,96℄ have been reported on skin dete
tion under

un
onstrained environments for images. However, only few resear
h works have dealt with

skin dete
tion in videos under varying illumination 
onditions. Soriano et al. [97℄ investigated

the e�e
ts of stati
 but non-uniform illumination on skin 
olour appearan
e. Sigal et al. [98℄

proposed a dynami
 histogram adaptation model based on a se
ond order Markov model. Here,

they assumed that the illumination 
hanges gradually and globally. Habili et al. [99℄ used motion

information alongwith 
olour information to dete
t skin regions in a video without 
onsidering

the presen
e skin-like 
olous in ba
kground. Han et al. [101℄ proposed a skin segmentation and

tra
king algorithm based on Support Ve
tor Ma
hine (SVM) a
tive learning. In their methoid,

the SVM needs to be re-learned at every frame to handle the varying illumination 
onditions.

Liu et al. [102℄ proposed a dynami
 skin dete
tion algorithm for videos by utilizing a fa
e

dete
tion-based model update s
heme for globally varying illumination 
onditions.

It is evident from the literature survey that the e�e
ts of lo
al shading or lo
al 
olour defor-

mation of skin regions during the skin dete
tion in videos is not fully explored. To address this

spe
i�
 issue, a dynami
 adaptation s
heme for the dete
tion of skin regions having lo
al 
olour
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4.1 Introdu
tion

deformations is proposed. The proposed method relies on 
onventional Bayesian 
lassi�er. It

has two modules� a stati
 module for the dete
tion of stati
 skin regions; and a dynami
 mod-

ule for the dete
tion of moving skin regions. The stati
 module has two 
omponents� a skin

distribution model for stati
 skin regions and a ba
kground distribution model. The stati
 skin

distribution model is derived by using a set of fa
ial skin samples of initial frames of a video,

and the skin model is termed as fa
ial skin distribution model (FSDM). The ba
kground distri-

bution model for a video needs to be self-adaptive to the video ba
kground 
hara
teristi
s. To

obtain a self-adaptive ba
kground model for a video, �rst, a global ba
kground distribution model

(GBDM) is obtained from a set of randomly 
olle
ted ba
kground samples. However, skin-like


olours 
ould be present in the ba
kground of a video frame. Therefore, a lo
al ba
kground

distribution model (LBDM) needs to be derived for the video frame. To obtain the LBDM, we

follow a similarity mat
h-based algorithm by utilizing pixel distribution information of video

frames [23℄. The similarity between two distribution fun
tions 
an be measured by using Bhat-

ta
haryya distan
e [126℄. The lo
al 
olour deformations in skin may 
reate multiple modes in

the skin distribution. The Bhatta
hryya distan
e metri
 treats those modes as di�erent distri-

bution fun
tions and produ
es �nite distan
es a

ordingly. Therefore, a new distan
e metri
 is

needed to dis
riminate the distribution fun
tions belonging to similar regions of an image (e.g.,

skin regions) and the distribution fun
tions belonging to dissimilar regions of an image (e.g.,

ba
kground regions). In this paper, we proposed a modi�
ation to the Bhatta
hryya distan
e in

su
h a way that it produ
es lesser distan
e between two distribution fun
tions than the original

Bhatta
haryya distan
e (OBD) if both the distributions belong to skin regions. The LBDM is

derived from the FSDM and the GBDM by using the modi�ed Bhatta
haryya distan
e (MBD)

as a distan
e metri
. The �nal ba
kground model is obtained by fusing the LBDM and the

GBDM, and it is termed as fusion-based ba
kground distribution model (FBDM). The main


omponent of the dynami
 model is a moving skin distribution model (MSDM). The MSDM

illustrates the distribution of pixels belonging to moving skin regions having 
hromati
 defor-

mations. The moving skin regions are dete
ted by using a modi�ed double frame-di�eren
e

method. An initial distribution model for these moving skin regions is obtained by using a

GMM. In addition to the a
tual skin regions, some of the ba
kground regions 
an also be

falsely dete
ted as skin regions during the moving obje
t dete
tion pro
ess. The �nal MSDM

is obtained by performing a �ltering pro
edure based on similarities of the initial moving skin
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Moving skin

distribution model
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It

SPMm

+
SPMfinal

Figure 4.1: Blo
k diagram of the proposed method.

model with the FSDM and the FBDM. Finally, the stati
 and the dynami
 modules are fused by

following a maximization rule. The proposed method is elaborately dis
ussed in the following

se
tions.

4.2 Proposed Method

The blo
k diagram of the proposed method is shown in Fig. 4.1. The proposed skin

dete
tion algorithm has two modules � a stati
 module (FSDM and FBDM) and a dynami


model (MSDM). The ba
kground distribution model as shown in Fig. 4.1 is 
ommon for both

the modules. Ea
h of these modules give one SPM, whi
h are fused together to obtain the �nal

skin probability map for a video frame. The proposed skin dete
tion method is explained in

detail in the following se
tions.

4.2.1 Stati
 module

4.2.1.1 Fa
ial skin distribution model

Fa
ial skin tone 
an be used as a referen
e skin tone of a person. At �rst, Viola and Jones

algorithm [125℄ is applied over a set of initial frames ITF = I1, I2, .., INTF
to lo
ate fa
es in the
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frames. Here, NTF is the number of initial training frames. A set of sample pixels is obtained

from the lo
alised fa
ial regions. The distribution of referen
e skin pixels extra
ted from the

fa
ial regions or the FSDM is modelled as a single multivariate Gaussian fun
tion Gf
as:

Gf = N
(

µf ,Σf
)

(4.1)

4.2.1.2 Ba
kground Distribution model

The proposed fusion-based ba
kground distribution model has two 
omponents � a global

ba
kground distribution model (GBDM) and a lo
al ba
kground distribution model (LBDM).

To obtain the GBDM, a set of sample ba
kground pixels obtained from a standard dataset is

used. The global ba
kground model is expressed as:

Ggb =

Kgb
∑

k=1

ωgb
k N

(

µgb
k ,Σ

gb
k

)

(4.2)

In order to obtain the LBDM, a lo
al distribution model adaptation s
heme [23℄ is followed. At

�rst, a pixel distribution model GI
for pixels of a set of initial frames ITF is derived by using

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

GI =

KI
∑

k=1

ωI
kN

(

µI
k,Σ

I
k

)

(4.3)

The number of Gaussian 
omponents Kgb and KI are sele
ted by using the method given in [23℄.

The model GI
gives a 
olour distribution of frame pixels, whi
h in
lude both skin and non-

skin pixels. The Gaussian 
omponents of GI

ondes
ending to the real skin regions, should

be statisti
ally more similar to FSDM, and they should more dissimilar to the Gaussian 
om-

ponents of the GBDM. The Bhatta
haryya distan
e is a well-known metri
 to �nd distan
e

between two probability distribution fun
tions. The 
losed form expression for Bhatta
haryya

distan
e between two multivariate Gaussian distribution fun
tions is given by:

dBh (Gi, Gj) =
1

8
(µi − µj)

T

[

Σi + Σj

2

]−1

(µi − µj)

+
1

2
ln
|(Σi + Σj) /2|
√

|Σi| · |Σj |
, ∀i, j

(4.4)
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R

.

B

μr

μl

Figure 4.2: Similarity between two 
lusters.

and the overlap between Gi and Gj is given by:

εi,j = exp [−dBh (Gi, Gj)] ∀i, j (4.5)

In this paper, the standard Bhatta
haryya distan
e is termed as Original Bhatta
haryya Dis-

tan
e (OBD).

Now, let us 
onsider two Gaussian 
lusters of pixels in RGB spa
e � a referen
e 
luster

Cr (µr,Σr) and its modi�ed version Cl (µl,Σl) on a

ount of lo
al illumination 
hange. There-

fore, distan
e between Cl and Cr should be ideally zero as both of them 
orrespond to similar

image regions. However, OBD between Cl and Cr is a non-zero value. The OBD treats the

two distribution fun
tions as two di�erent independent entities. However, two distribution

fun
tions, whi
h are a
tually originated from similar regions (e.g., skin regions with 
olour

deformations) have some 
orrelations, and that is why, the distan
e between them should be

less than the OBD value. To over
ome this problem, the OBD is modi�ed in su
h a way that

dMBh (Gl, Gr) < dBh (Gl, Gr) for the distribution fun
tions 
orresponding to similar image re-

gions. We termed the proposed distan
e measure dMBh (Gl, Gr) as Modi�ed Bhatta
haryya

Distan
e (MBD). Lo
al variations of skin 
olours are approximated as a 
ombination of two

independent parameters� orientation of the 
entroid ve
tor µl with respe
t to µr, and the ori-
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P/0121

P/0122

P/0123

(a)

(b)

(c)

Figure 4.3: E�e
t of using MBD as distan
e measure � (a) original image with three pat
hes extra
ted

from di�erent regions; (b) distribution of pixels in RGB spa
e for di�erent pat
hes � red 
luster


orresponds to Pat
h1, blue 
luster 
orresponds to Pat
h2, green 
luster 
orresponds to Pat
h3; and

(
) distan
e ratios for di�erent pat
hes.

entation of Cl with respe
t to Cr as shown in Fig. 4.2. Let, φ be the angle between µl and

µr. The two 
lusters will be perfe
tly aligned if

[

1−
tr(VT

l
Vr)

3

]

= 0, where, Vl and Vr are the

eigen ve
tor matri
es of Σl and Σr respe
tively. On the other hand, smaller is the value of φ,

the more 
hromati
ally similar are the 
lusters. Hen
e, the 
losed form of MBD is expressed

as:

dMBh (Gi, Gj) =ξ(µi − µj)
T

[

Σi + Σj

2

]−1

(µi − µj)

+ γ ln
|(Σi + Σj) /2|
√

|Σi| · |Σj |
, ∀i, j

(4.6)

where,

ξ = 1
8

[

1− exp
(

− φ
φmax

)]

, γ = 1
2

[

1−
tr(VT

i Vj)
3

]

φ = cos−1
(

〈µi,µj〉

‖µi‖·‖µj‖

)

(4.7)

Here, φmax is the maximum allowed deviation in 
entroid orientation. Following rule is framed
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on the basis of the equation 4.6.

dMBh → dBh : (φ≫ φmax) ∧

{

tr
(

VT
i Vj

)

3
≪ 1

}

≡ true (4.8)

Fig. 4.3 illustrates the e�e
t of using MBD over OBD in our proposed method. As shown in

Fig. 4.3-a, three pat
hes are extra
ted from an image, they are Patch1, Patch2, and Patch3.

The Patch1 and Patch3 belong to skin regions, whereas Patch2 belongs to non-skin regions.

We 
onsider Patch1 has a
tual skin tone and Patch3 has a deformed skin tone due to lo
al

illumination variation. Fig. 4.3-b shows the distribution of pixels belonging to these pat
hes

in RGB spa
e. In Fig. 4.3-
, distan
e ratios 
al
ulated by using OBD and MBD are shown

for these image pat
hes. From this analysis, it is evident that the relative distan
e between an

unknown skin distribution and a referen
e skin distribution is less for the MBD in 
ontrast to

the OBD.

Now, the overlap between Gaussian 
omponents of GI
and FSDM is then given by:

εfi = exp
[

−dMBh

(

GI
i , G

f
)]

for i = 1, .., KI (4.9)

and the overlap between Gaussian 
omponents of GI
and Ggb

is given by:

εgbi = exp

[

−min
∀j

dMBh

(

GI
i , G

gb
j

)

]

for j = 1, .., Kgb (4.10)

A Gaussian 
omponent in GI
should belong to ba
kground regions if it overlaps less with the

FSDM than any of its overlapping with the GBDM 
omponents. Also, ba
kground regions

may be 
hromati
ally similar to the skin regions in some of the 
ases. Therefore, the lo
al

ba
kground distribution model (LBDM) Glb
should in
lude only those Gaussian 
omponents

whi
h follow in
lusion 
riterion as de�ned below:

GI
i ∈

{

Glb :
(

εfi ≤ εgbi

)

∨
(

εfi ≤ τ1

)

≡ true
}

(4.11)

The weights of the Gaussian 
omponents in Glb
are derived from the weights they had in GI

followed by a normalisation. It is found that the GBDM is better in dis
riminating skin-like


olours from other 
olours, whereas the LBDM better dis
riminates a
tual skin 
olours from

skin-like 
olours in the ba
kground. Hen
e, a fusion of GBDM and LBDM 
an provide better
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dis
rimination between a
tual skin pixels and non-skin pixels as 
ompared to either GBDM

or LBDM. A

ordingly, the fusion-based ba
kground distribution model (FBDM) i.e., Gfb
is

expressed as:

Gfb(X) = max
{

Glb(X), Ggb(X)
}

(4.12)

where, X = [RGB]′ is the 
olour ve
tor of a pixel.

4.2.2 Dynami
 module

As explained earlier, the moving body parts 
ause lo
al illumination variations in the s
ene

even if the global illumination is kept 
onstant. This non-uniform illumination may 
hange

the 
hromati
 appearan
e of moving skin regions in su
h a manner that they may be
ome

undete
table by the stati
 module. Therefore, the skin model should adapt to lo
al variations

of skin 
olours due to non-uniform illumination. However, updating a skin model for every frame

is 
omputationally expensive for real-time appli
ations. Therefore, the skin model should be

updated only when a signi�
ant 
hange in s
ene 
olour takes pla
e due to lo
al illumination

variations, and we proposed a key frame dete
tion te
hnique to update the skin model only for

the key frames.

4.2.2.1 Key frame sele
tion

The key frames in a video sequen
e are sele
ted on the basis of the measure of 
hange in


hromati
ity � for a given key frame, the next key frame is the one in whi
h 
hromati
ity


hanges signi�
antly. By doing so, an entire video 
lip is transformed into a small number of

representative key frames. The 
hromati
 
hanges between a frame and a referen
e frame 
an

be determined from 
hromati
 entropies of both the frames. Let, It and Iref represent the frame

at t and the referen
e frame, respe
tively. The 
hange in 
hromati
 entropy in It with respe
t

to Iref is given by:

∆Et =
|Et −Eref |

Eref
(4.13)

where,

Et = −

∑

∀X∈It

nX log
(

nX

w×h

)

w × h
(4.14)
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Here, Et and Eref represent 
hromati
 entropy of It and Iref , respe
tively; nX is the number

of o

urren
e of the 
olour ve
tor X = [RGB]′ in It; w is the frame width and h is the frame

height. A frame It is designated as a key frame Ikey if its ∆Et is greater than some threshold

value θE .

4.2.2.2 Moving skin distribution model

Assuming the ba
kground is stati
, the frame di�eren
e method is the most easiest way to

dete
t moving obje
ts in a frame. However, the frame di�eren
e algorithm su�ers from two

major limitations � o

urren
e of ghost foreground regions and foreground apertures as shown

in Fig. 4.4. Ghost foreground regions o

ur due to the motion of the obje
ts. During frame

di�eren
ing, an ambiguity may o

ur between real foreground regions and ghost foreground

regions. The other drawba
k of frame di�eren
e is the o

urren
e of foreground obje
t aperture

(FOA). FOA o

urs if the obje
t is texture-less and/or the intensity gradient of the image is

signi�
antly less. The probability of o

urren
e of FOA is signi�
antly high in 
ase of moving

skin regions as they have less texture and intensity gradient. In order to avoid the o

urren
e of

ghost foreground regions, Kameda and Mi
hihiko [127℄ proposed a �double-di�eren
e of frame

(DDF)� method. In this method, three frames at time t−2, t−1, and t are sele
ted. The DDF

method performs a logi
al AND operation over thresholded di�eren
e frames between frames

at t − 2 and t − 1, and frames at t − 1 and t. The result of a DDF algorithm in presen
e of

FOA is shown in Fig. 4.5. In this, Ot−2, Ot−1, Ot show obje
t positions at time instants t− 2,

t− 1, and t, respe
tively.

The DDF algorithm produ
es a narrow region for a moving obje
t if the obje
t has less

texture and/or intensity gradient. An use of morphologi
al operations 
an redu
e FOA in a

di�eren
e frame as shown in Fig. 4.6. A dilation along the dire
tion of motion of an obje
t 
an

redu
e FOA with an in
lusion of ghost foreground regions. Motivated by this fa
t, a morpho-

logi
al enhan
ement-based double di�eren
e frame method is proposed to dete
t moving skin

regions. In our proposed method, morphologi
al dilation is applied on ea
h of the thresholded

di�eren
e frames. Subsequently, a logi
al OR operation is performed over the dilated di�eren
e

frames. The OR operation helps in in
luding more moving skin regions between the 
onse
utive

frames. However, this operation signi�
antly in
reases o

urren
e of ghost foreground regions.

In order to redu
e in
lusion of ba
kground regions in foreground regions of a thresholded di�er-
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t-1 t

Region in thresholded difference

f3456 7689:;<:; =9 59><:; 97?ect

Figure 4.4: Drawba
k of single frame di�eren
e method.

t-1 tt-2

Figure 4.5: Results of DDF method in presen
e of FOA
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en
e frame, dilation should be performed in the dire
tion of motion of the foreground obje
ts

as shown in Fig.4.6. However, in 
ase of arti
ulated obje
ts like hands, foreground motion


ould be 
omplex. We approximate 
omplex movements as a 
ombination of motions in four

dire
tions - 0◦, 45◦, 90◦, 135◦ with respe
t to the horizontal dire
tion. Dire
tional opening 
an

be used to sele
t a region in a parti
ular dire
tion. After dire
tional opening, a dilation in the

perpendi
ular dire
tion of the opening pro
ess grows a region in the dire
tion of its motion as

shown in Fig. 4.7. Finally, a logi
al OR operation is performed on the two morphologi
ally

enhan
ed thresholded di�eren
e frames to obtain a moving obje
t mask BW final
∆I . Fig. 4.8

shows the �ow
hart of our proposed morphology-based moving obje
t lo
alization method. An

example of the proposed moving skin region lo
alization approa
h is shown in Fig. 4.9.

motion

Object location at t-1 Object location at t

Binarization

Visible region

FOA

Dilation

Structuring element

Enhanced visible region

FOA

Figure 4.6: Redu
tion in FOA using dire
tional dilation.

The moving obje
t mask BW final
∆I is used for extra
ting moving skin regions at t − 1. As

the 
hromati
 
hanges of the skin 
oloured regions are temporally 
orrelated, the 
olour of skin

regions in It 
an be approximated by the 
olour of skin regions in It−1. The mask BW final
∆I

is applied on It−1 to extra
t a moving obje
t pixel set Qt−1. The 
urrent frame It and its
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M
otion

@ACDEAHDIAJC FOA

FOA FOA FOA FOA

Morphological opening

SE (0o) SE (45o) SE (90o) SE (135o) 

SE (90o) 

Dilate

+ + + +

Logical OR

operation

SE (135o) 

Dilate

SE (0o) 

Dilate

SE (45o) 

Dilate

Enhanced visible region

Original visible region

Figure 4.7: Proposed method for redu
ing FOA using dire
tional �opening� followed by dire
tional

�dilation�.
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Frames

t-2 t-1 t

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

frame difference at t-1 
& binarization

frame difference at t 
& binarization

Directional opening followed by
directional dilation and OR operation

Directional opening followed by
directional dilation and OR operation

Logical OR

Binary mask at t-1
for moving object

Figure 4.8: Flow
hart of the modi�ed DDF algorithm

last NTF number of previous frames are 
onsidered to derive Qts for last NTF frames. Finally,

all these Qts are sta
ked hierar
hi
ally in a new pixel set Qmotion with des
ending values of t.

Algorithm 2 is the proposed algorithm to derive the moving obje
t pixel set Qmotion. Here, Nf

is the total number of frames in a video. Ideally Qmotion should only 
ontain pixels belonging

to moving skin regions. So, the pixel set Qmotion 
an be used to derive a 
olour 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. 
lothing) and/or ba
kground regions may be

in
luded in Qmotion due to the presen
e of ghost regions and the proposed morphologi
al region

enhan
ement. Therefore, a �ltering pro
ess is ne
essary to ex
lude this ba
kground pixels to

derive the MSDM. To obtain the MSDM, a GMM is used to model the distribution of all the
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(a)

KLM

KNM

Figure 4.9: Example of morphology-based moving obje
t lo
alization: (a) frames at t−2, t−1 and t,
(b) morphologi
ally enhan
ed binarized di�eren
e frames at t− 1 and t, and (
) �nal lo
alized moving

obje
t regions.

pixels in Qmotion as:

Ginit
m =

Kinit
m
∑

k=1

ωinit
m N

(

µinit
k ,Σinit

k

)

(4.15)

where, Ginit
m represents an initial pixel distribution model for moving obje
ts. Some of the

Gaussian 
omponents inGinit
m 
orrespond to ba
kground and/or non-skin moving obje
t regions.

These Gaussian 
omponents should be nearer to the ba
kground model FBDM as 
ompared to

FSDM. The proposed MBD measure is used to determine the overlapping of Ginit
m 
omponents

with FSDM and FBDM. The overlap between Gaussian 
omponents of Ginit
m and Gf

is given

by:

εf,mi = exp
[

−dMBh

(

Ginit
m,i , G

f
)]

for i = 1, .., Kinit
m , (4.16)

Similarly, the overlap between Gaussian 
omponents of Ginit
m and the global ba
kground model
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Algorithm 2: Proposed algorithm to derive the moving obje
t pixel set Qmotion

Data: It where, t = 1, 2, .., Nf

Result: Moving obje
t pixel set Qmotion

for NTF < t ≤ Nf do

if t = NTF + 1 then
for 3 ≤ k ≤ t do

Obtain:

∆Ik−1 ← |Ik−1 − Ik−2|
∆Ik ← |Ik − Ik−1|

BW∆Ij

binirization
←−−−−−−−− ∆Ij where, j = k, k − 1.

Perform: Morphologi
al region enhan
ement on BW∆Ik and BW∆Ik−1
.

Obtain:

BW final
∆I ← BW∆Ik−1

∪BW∆Ik

Obtain:

Qk−1 ← Ik−1(x) : BW final
∆I (x) = 1

Add Qk−1 to the bottom of Qmotion.

end

Perform:

Ikey ← It
else

Cal
ulate ∆Et

if ∆Et > θE then

Remove Qt−NTF
from the top of Qmotion.

Obtain: Qt

Add Qt to the bottom of Qmotion.

Update:

Ikey ← It
else

Do not update Ikey
end

end

end

return Qmotion

Ggb
is given by:

εgb,mi = exp

[

−min
∀j

dMBh

(

Ginit
m,i , G

gb
j

)

]

for j = 1, .., Kgb, (4.17)

and the overlap between Gaussian 
omponents of Ginit
m and the lo
al ba
kground model Glb

is

given by:

εlb,mi = exp

[

−min
∀j

dMBh

(

Ginit
m,i , G

lb
j

)

]

for l = 1, .., Klb (4.18)

The overall overlapping of Ginit
m with FBDM is expressed as:

εfb,mi = max
(

εgb,mi , εlb,mi

)

, ∀i = 1, .., Kinit
m (4.19)
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Finally, an in
lusion 
riterion is proposed for Gaussian 
omponents of Ginit
m to the �nal moving

skin distribution model (MSDM) i.e., Gskin
m . The in
lusion 
riterion is formulated as follows:

Ginit
m,i ∈

{

Gskin
m :

(

εf,mi > εfb,mi

)

∧
(

εf,mi > τ2

)

≡ true
}

(4.20)

4.2.3 Derivation of a skin mask

1

The pixels of ea
h of the frames are 
lassi�ed into skin and non-skin pixels by using a

Bayesian 
lassi�er [13℄. The Bayesian 
lassi�er provides a Skin Probability Map (SPM) for a

frame at t. The SPM at a lo
ation x represents posteriori probability of a pixel X belonging

to skin region at that lo
ation, and it is de�ned as:

SPM(x) =
P (S) · P (X |S )

P (S) · P (X |S ) + P (NS) · P (X |NS )
(4.21)

where, P (X |S) and P (X |NS) are likelihoods, P (S) and P (NS) are priors for skin (S) and

non-skin (NS) pixels, respe
tively. Hen
e, the SPM derived using FSDM and FBDM is given

by:

SPMf(xt) =
P (S)Gf(Xt)

P (S)Gf(Xt) + P (NS)Gfb(Xt)
(4.22)

The SPM value derived using MSDM and FBDM is given by:

SPMm(xt) =
P (S) ·Gskin

m (Xt)

P (S) ·Gskin
m (Xt) + P (NS) ·Gfb(Xt)

(4.23)

It is observed that SPMf 
an 
apture stati
 skin regions more a

urately, whereas SPMm is

more responsive to moving skin regions. Therefore, the �nal SPM at time instant t is expressed

as:

SPMfinal(xt) = max {SPMf(xt), SPMm(xt)} (4.24)

The �nal skin mask Mask for a frame at t is obtained by thresholding SPMfinal with an

appropriate threshold θth as:

Mask(xt) =







1 if SPMfinal(xt) ≥ θth

0 otherwise.

(4.25)

1

This work is in under review in IEEE Trans. Cir
uits and Systems for Video Te
hnology.
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4.3 Experimental Analysis

4.3.1 Experimental setup

In order to obtain a global ba
kground model Ggb
, ba
kground samples are extra
ted from

a set of randomly sele
ted images of ECU dataset [65℄. For experimental validation of our

proposed algorithm, a set of sign language videos 
olle
ted from the web are used. The sele
ted

videos are 
aptured in un
onstrained illumination and di�erent ba
kground 
onditions. Ea
h of

these videos has a duration of 10 se
onds with varying frame rate, spatial resolution and illumi-

nation 
onditions. For quantitative performan
e 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 de�nition (SD) videos (4:3 aspe
t ratio), and P (S) ∼ [0.05, 0.15] for high de�nition

(HD) videos (16:9 aspe
t ratio). Hen
e, we judi
iously 
hoose P (S) = 0.15 for SD videos and

P (S) = 0.1 for HD videos. The respe
tive values for P (NS) are derived as, P (NS) = 1−P (S).

Four quantitative measures namely, dete
tion a

ura
y (A

.), false positive error rate (δfp),

false negative error rate (δfn), total dete
tion error rate(δt) are sele
ted for evaluation, where

δt = δfp+ δfp. All the dete
tion errors are obtained by thresholding SPMfinal with a threshold

θth. For simpli
ity of implementation, we sele
t τ1 = τ2 = τ .

4.3.1.1 Determination of τ

The parameter τ 
ontrols the in
lusion of Gaussian 
omponents in Glb
and Gskin

m . A smaller

value of τ results in in
lusion of Gaussian 
omponents into Gskin
m whi
h belong to skin-like

ba
kground 
olours. This in
reases the 
han
e of false a

eptan
e. On the other hand, a larger

value of τ results in in
lusion of some of the Gaussian 
omponents into Glb
. This in
reases the


han
e of false reje
tion. Hen
e, we have proposed a sele
tion s
heme for the parameter τ as

follows:

Let, It be the frame at t. The 
hromati
 randomness of an image 
an be determined by

using its 
hromati
 entropy. In our previous work [23℄, it is shown that the 
hromati
 entropy

of a skin-masked image, also termed as skin-
hroma entropy (Es) 
an be used as a measure for
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probable false a

eptan
e error. The parameter Es 
an be obtained as:

Es = −

∑

∀y∈Y

nX(y) log
(

nX(y)

NY

)

NY · log(255
3)

(4.26)

where,

y ∈
{

Y : P skin
rgb (y) ≥ θsp

}

, (4.27)

and

P skin
rgb (y) =

P (S) ·Gf (X)

P (S) ·Gf(X) + P (NS) ·Ggb(X)
(4.28)

Here, nX(y) is the number of 
ount of 
olour ve
tor X(y) and NY is the total number of pixel

lo
ations in Y. The threshold θsp is obtained by using Otsu's method [116℄. Similarly, a fa
e-

masked version of It i.e., Iface is obtained by applying a fa
e mask derived by using the Viola

and Jones algorithm [125℄. Let, Ef be the 
hromati
 entropy of Iface. Ideally, Es should be

equal to Ef . However, in pra
ti
e Iskin may 
ontain skin-like 
oloured ba
kground regions along

with some of the true skin regions. So, Es > Ef in presen
e of skin-like ba
kground 
olours.

Thus, we express the parameter τ as:

τ =

[

∑

n

(

Ef

Es

)n/2
]−1

≃

[

1 +

√

Ef

Es
+
Ef

Es

]−1

(4.29)

where, n = 0, 1, 2, .... As the ratio
Ef

Es
< 1, higher order powers (n > 2) are negle
ted.

Table 4.1: Dete
tion results for di�erent values of φmax

φmax δfp,avg (%) δfn,avg (%) δt,avg (%) Avg. A

.

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 8.53 19.62 0.8959

50◦ 11.52 7.92 19.44 0.8934

101

TH-2081_126102023



4. Dete
tion of Skin Regions in Videos under Lo
al Colour Deformations

video #
1 2 3 4 5 6 7 8 9

δ
t,a

vg

 5%

10%

15%

20%

25%

30%

35%
using OBD
using MBD

Figure 4.10: Video-wise 
omparison between OBD and MBD.

Table 4.2: Comparative analysis for OBD and MBD

Method δfp,avg (%) δfn,avg (%) δt,avg (%) Avg. A

.

SPMfinal using OBD 6.13 11.28 17.41 0.9326

SPMfinal using MBD 5.78 8.19 13.97 0.9404

4.3.2 Experimental validation

At �rst, we examine the e�e
t of φmax on dete
tion results. For this, dete
tion errors are


al
ulated by varying φmax, and the results are given in Table 4.1. It is observed that when

φmax = 0◦, average false negative error δfn,avg is maximum. For φmax = 0◦, the parameter

ξ = 1
8
. This implies that some of the 
lusters 
orresponding to the true skin pixels in GI

are

in
luded in LBDM, and/or ex
luded from MSDM. In either of these 
onditions, 
lusters whose


entroids are very 
lose to that of FSDM are only sele
ted as skin 
lusters. An in
rease in

φmax value makes more skin-like 
lusters to be ex
luded from the ba
kground model, and/or

in
luded in MSDM. Thus, false negative error redu
es with an in
rease in φmax value. However,

this in
reases the 
han
e of false a

eptan
e error. Some of the 
lusters of skin-like ba
kground
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Table 4.3: Comparative analysis of di�erent methods

Method δfp,avg (%) δfn,avg (%) δt,avg (%) Avg. A

.

Bayes 
lassi�er [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

δfp = false positive error rate; δfn = false negative error rate; δt =
total dete
tion error rate = δfp + δfn; A

. = A

ura
y

pixels 
an be in
luded in MSDM and/or ex
luded from LBDM if the φmax is in
reased further.

For example, the average false positive error δfp,avg in
reases signi�
antly for an in
rease in

φmax from 20◦ to 40◦. On the other hand, the average false negative error δfn,avg de
reases

signi�
antly for an in
rease in φmax from 0◦ to 20◦. It is also observed that for φmax ≥ 20◦, the

average total dete
tion error δt,avg for all the videos be
omes the lowest. Hen
e, φmax value is

�xed at 20◦ for the remaining analysis.

A 
omparative analysis is also performed between the original Bhatta
haryya distan
e

(OBD) and the proposed Modi�ed Bhatta
haryya distan
e (MBD). Dete
tion errors are 
al-


ulated by both OBD and MBD. As mentioned in Eq. 4.8, the maximum value of MBD is

�xed by OBD. The 
omparison between the OBD and the MBD in 
al
ulating SPM is Shown

in Table 4.2. In 
ontrast to OBD, dete
tion errors redu
e due the appli
ation of MBD. This

validates the e�
a
y of the proposed MBD in skin dete
tion.

Finally, the proposed method is 
ompared with the state-of-the-art methods, su
h as � Bayes


lassi�er [13℄, Fast propagation-based skin segmentation (FPSS) [14℄, Adaptive seed-based skin


lassi�
ation (ASSC) [21℄, Skin dete
tion by dual maximization of dete
tors agreement (SD-

DMA) [128℄, Dis
riminative Skin-Presen
e Feature (DSPF) [9℄, Sta
ked Autoen
oders-based

skin 
lassi�
ation (SASC) [22℄, and Fusion-based Skin Probability Map (FSPM) [23℄. The de-

te
tion results obatined by di�erent methods are given in Table 4.3. The Bayes 
lassi�er method
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video #
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Figure 4.11: Comparative bar plots for di�erent videos: (a) δt for di�erent videos, and (b) A

ura
y

for di�erent videos.

104

TH-2081_126102023



4.3 Experimental Analysis

δ
fn

 (%)
0 1 2 3 4 5 6 7

δ
fp

 (
%

)

0

20

40

60

80

100
Video # 1

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(a)

δ
fn

 (%)
0 1 2 3 4 5 6 7

δ
fp

 (
%

)

0

10

20

30

40

50
Video # 2

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(b)

δ
fn

 (%)
0 5 10 15 20 25 30

δ
fp

 (
%

)

0

10

20

30

40

50

60

70
Video # 3

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(
)

δ
fn

 (%)
0 5 10 15 20 25 30 35 40

δ
fp

 (
%

)

0

20

40

60

80

100
Video # 4

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(d)

δ
fn

 (%)
0 20 40 60 80 100

δ
fp

 (
%

)

0

20

40

60

80

100
Video # 5

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(e)

δ
fn

 (%)
0 5 10 15

δ
fp

 (
%

)

20

30

40

50

60

70

80

90

100
Video # 6

Jones & Rehg (2002)
ASSC (2013)
DSPF (2014)
FSPM (2017)
FSDM + FBDM
FSDM + MSDM + FBDM

(f)

Figure 4.12: ROC plots for di�erent videos (1�6).

proposed by Jones and Rehg [13℄ is 
onsidered as a ben
hmark. For training, the method needs

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

ura
y

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 di�erent videos (7�9).

produ
es more false negatives as 
ompared to our proposed method. In order to 
ompare the

SDDMA method with the proposed method, it is trained with NTF number of labelled initial

frames of 9 videos (In total, 9×NTF frames). However, SDDMA fails signi�
antly in dete
ting

true skin regions. It produ
es highest false negatives among all the ben
hmark methods. The

DSPF method 
an give 
omparatively better results than the standard SPM, and it gives a

dis
riminative spa
e-based skin map. The DSPF method mostly relies on SPM derived from

global training samples, and thus it is not adaptive to lo
al environmental 
onditions of an

image.

As human fa
ial 
olour almost resembles the overall skin 
olour of a person, fa
e dete
tion-

based skin model adaptation te
hnique 
an give superior skin dete
tion performan
e. The ASSC

method uses adaptive seeds for skin region growing. The adaptive seeds are derived from a
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V# 1, 

F# 230

V# 2, 

F# 230

V# 3,

F# 185

V# 4, 
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V# 5, 

F# 181

V# 6,

F# 65

(a) (b) (c) (d) (e) (f) (g) (h)

V# 7,

F# 199

V# 8,

F# 219

V# 9,

F#242 

Figure 4.14: Comparative dete
tion results for minimum δt,avg : (a) Original frames, (b) Jones and

Rehg [13℄, (
) ASSC [21℄, (d) DSPF [9℄, (e) SASC [22℄, (f) FSPM [23℄, (g) Proposed method , and (h)

Groundtruth. Here, white 
olour represents true positive, bla
k 
olour represents true negative, red


olour represents false positive, and green 
olour represents false negative.

lo
al skin model (derived from fa
ial skin pixels). The ASSC method relies on a standard

SPM for region growing, and hen
e, it is unable to dete
t many true skin pixels. So, this

method produ
es higher false negative errors than the proposed method. The FSPM-based

method gives better dete
tion a

ura
y by utilizing image pixel distribution information to

derive a lo
al SPM (LSPM). The LSPM is later fused with the original or global SPM to get

the FSPM. The FSPM is able to dete
t more true skin pixels as 
ompared to other ben
hmark

methods. In our method, the 
ombination of FSDM and FBDM gives a stati
 skin dete
tion

model for videos. The in
orporation of MSDM makes the skin dete
tion model adaptive to lo
al

illumination 
hanges, and a dynami
 skin dete
tion model for videos is obtained. The stati
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F# 219

V# 9,

F#242 

V# 1, 
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V# 2, 

F# 230

V# 3,

F# 185

V# 4, 

F# 146

V# 5, 

F# 181

V# 6,

F# 65

Figure 4.15: Comparative dete
tion results for maximum a

ura
y: (a) Original frames, (b) Jones

and Rehg [13℄, (
) ASSC [21℄, (d) DSPF [9℄, (e) SASC [22℄, (f) FSPM et al. [23℄, (g) Proposed method ,

and (h) Groundtruth. Here, white 
olour represents true positive, bla
k 
olour represents true negative,

red 
olour represents false positive, and green 
olour represents false negative.

model is prone to produ
e more false reje
tions as 
ompared to its dynami
 
ounterpart. The

dynami
 adaptation of the proposed MSDM for lo
al illumination 
hanges makes the proposed

system more robust to un
onstrained illumination and ba
kground 
onditions. In Fig. 4.12�

4.13, 
omparative ROC plots are shown for di�erent videos. In Fig. 4.14�4.15, the dete
tion

results are shown for all the test videos. It is evident from all the experiential results that the

proposed method 
an dete
t skin regions in a video more a

urately than the existing standard

methods even in the presen
e of lo
al 
olour deformations.
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4.4 Summary

Segmentation of skin regions is a ne
essary step for various vision-based Human-Computer

Intera
tion (HCI) appli
ations. However, dete
tion of skin regions in videos is a 
hallenging

problem when the shading of other body parts 
auses lo
al 
hromati
 variations even if the

global illumination remains 
onstant. In this paper, a skin dete
tion algorithm is proposed

whi
h dynami
ally adapts to lo
al skin 
olour variations. The proposed skin dete
tion method

has three major 
omponents � a fa
ial skin pixel distribution model (FSDM) for user-spe
i�


skin modelling, a video spe
i�
 lo
al ba
kground distribution model (LBDM), and a moving

skin-pixel distribution model (MSDM) for dete
tion of skin regions a�e
ted by lo
al 
olour

deformations due to the motion of body parts. The FSDM is derived by using a set of fa
ial

pixels from initial frames of a video. The LBDM is derived from the FSDM and a global

ba
kground distribution model (GBDM). A modi�ed version of the Bhatta
haryya distan
e

(MBD) is employed to measure similarity between two distribution models. Subsequently, a

fusion-based ba
kground distribution model (FBDM) is derived by utilising GBDM and LBDM.

The MSDM gives the distribution of moving skin pixels. The �nal skin dete
tion model is

derived by utilising FSDM, MSDM and FBDM. As the MSDM is updated at every keyframe,

the proposed skin model be
omes adaptive to lo
al illumination 
hanges. From the experimental

results, it is evident that the use of MBD produ
es 
omparatively less dete
tion errors. One

important resear
h dire
tion would be the dete
tion of skin regions a�e
ted by both lo
al and

global illumination variations.
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5
Con
lusions and Future Work

There is a humbling amount of past works on skin segmentation. This dissertation des
ribes our

proposed skin segmentation algorithms for various un
ontrolled environments, su
h as presen
e

of skin-like 
olours in ba
kground, non-uniform and dynami
 illumination. In our method, mul-

tiple lo
al skin model adaptation s
hemes have been proposed by utilizing 
hromati
 and textural

features. Also, a dynami
 region growing s
heme has been proposed for additional redu
tion in

dete
tion errors. This 
hapter re�e
ts on these 
ontributions, dis
usses future work for skin

dete
tion, and 
on
ludes. We hope that the future skin dete
tion algorithm developers �nd our


ontributions useful, and get bene�ted from our lo
al skin model adaption s
hemes without hav-

ing to reinvent their own.
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5.1 Summary

In the beginning of this thesis, 
hallenges fa
ed by 
omputer vision 
ommunity in dete
ting

skin regions are mentioned. These 
hallenges in
lude presen
e of skin-like 
olours in ba
kground,

non-uniform illumination (stati
), and varying illumination (dynami
). In this resear
h work,

we have proposed multiple frameworks for skin dete
tion using 
hromati
 and textural features

to over
ome some of the above-mentioned 
hallenges. The main goal of this dissertation is to

obtain skin dete
tion methods whi
h 
an be used as a pre-pro
essing step for di�erent HCI

appli
ations in an un
ontrolled environment.

In summary, this thesis addresses the following issues:

• Extra
tion of image spe
i�
 dis
riminative features between skin and non-skin regions of

an image for skin dete
tion in presen
e of skin-like ba
kground 
olours.

• Development of an image spe
i�
 dis
riminant analysis approa
h to handle marginal inter-


lass overlapping of skin pixel samples of the training dataset.

• Development of a skin region growing approa
h for an image by using a lo
al adaptation

s
heme.

• Development of a lo
al skin model adaptation s
heme for a global skin dete
tion model

by utilizing image pixel distribution information.

• Development of a video-spe
i�
 ba
kground model for skin dete
tion in videos.

• Development of a dete
tion s
heme for skin regions having lo
al 
olour deformation due

to motion.

The main 
ontributions of the thesis 
an be summarized as follows:

• An image spe
i�
 dis
riminative feature extra
tion method is proposed for better dis-


rimination between skin and non-skin regions.

• A measure termed as skin-
hroma entropy is proposed to estimate false a

eptan
e error.

• A dynami
 region growing (DRG) method is proposed for additional redu
tion in dete
tion

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

• A video spe
i�
 ba
kground pixel distribution model is proposed.

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

• A modi�ed version of the Bhatt
haryya distan
e is proposed for better similarity mea-

surement between an unknown skin distribution and a referen
e skin distribution.

• A skin dete
tion model is proposed by utilizing the Fa
ial Skin Distribution Model

(FSDM), the Moving Skin pixel Distribution Model (MSDM), and the Fusion-based Ba
k-

ground Distribution Model (FBDM) to dete
t skin regions in videos.

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

i) Chapter 1 provides a brief des
ription of a typi
al skin dete
tion method and its di�er-

ent 
omponents, su
h as usable 
olour spa
es and 
lassi�ers. It also reviews existing skin

dete
tion methods. The existing skin dete
tion te
hniques 
an be grouped into following

two main 
ategories: a) stati
 framework-based approa
hes, and b) dynami
 framework-

based approa
hes. Stati
 framework-based approa
hes were primarily developed for both

images and videos having stati
 ba
kground and �xed illumination 
onditions. On the

other-hand, dynami
 framework-based methods were primarily developed for videos when

illumination varies among the frames either globally or lo
ally. The stati
 framework-

based methods 
an be further grouped into following three sub-
ategories based on their


lassi�
ation approa
hes: a) expli
it boundary spe
i�
ation of 
olour 
omponents, b) skin


lassi�
ation using parametri
 modelling of skin 
olour distribution, and 
) skin 
lassi-

�
ation using non-parametri
 modelling of skin 
olour distribution. Expli
it boundary

spe
i�
ation of 
olour 
omponents is the simplest and the fastest approa
hes among all

these approa
hes. However, the method 
annot produ
e satisfa
tory results due to la
k

of generalization and rigidity in stru
ture. Parametri
 modelling-based methods use less

data for generalization, it and they are 
omputationally less 
omplex than non-parametri


modelling-based approa
hes. Non-parametri
 approa
hes are either based on a histogram-

based pixel distribution approximation or di�erent supervised 
lassi�ers, su
h as non-liner

SVM, ANN, Random Forest. Supervised 
lassi�ers need labelled training data, and hen
e,

any inter-
lass similarity in training data 
an result in an ina

urate modelling of input
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data. Also, the training pro
edures are 
omputationally expensive for these 
lassi�ers than

the parametri
 modelling. All these approa
hes are elaborately dis
ussed in Chapter 1.

In Chapter 1, 
hallenges of skin dete
tion approa
hes are also dis
ussed. Major 
hallenges

in
lude - presen
e of skin like 
olours in ba
kground, 
hromati
 deformation in skin ap-

pearan
e due to non-uniform or time-varying illuminations. Finally, Chapter 1 is ended

up with motivation, obje
tives, and the organization of the thesis.

ii) Chapter 2 fo
uses on developing a method for extra
ting dis
riminative features between

skin and non-skin regions of an image. This is a

omplished by extra
ting two sets of

sample pixels, out of whi
h one 
ontains mostly skin pixels and another 
ontains mostly

non-skin pixels. Subsequently, an adaptive dis
riminative analysis (ADA) has been pro-

posed to �nd the dis
riminative features using these two sample sets. A skin region growing

s
heme with dynami
 adaptation to image properties is proposed for additional redu
tion

in dete
tion errors. The performan
e of the proposed method is evaluated using standard

databases, and it is observed that the proposed method 
an provide better result than

state-of-the-art methods.

iii) Chapter 3 explores an use of image pixel distribution information in the 
ontext of skin

dete
tion. A GMM is used to approximate the pixel distribution of an image, whi
h is

also termed as image distribution model (IDM) in a given 
olour spa
e. Subsequently,

a lo
al skin dete
tion model is derived by using the similarity between the IDM and a

referen
e skin distribution model. The referen
e skin model is derived by using a set

of skin pixels belonging to the fa
ial region of a person. Finally, a fusion-based skin

probability map (FSPM) for the image is obtained by fusing an SPM derived from the

lo
al skin dete
tion model with another SPM derived from a global skin dete
tion model.

The proposed dynami
 region growing (DRG) algorithm is applied on the FSPM for a

more a

urate skin dete
tion. The e�
a
y of the proposed method is tested by using a

set of standard datasets. Experimental results show that the proposed method 
an dete
t

skin regions in images more a

urately than the state-of-the-art methods.

iv) Chapter 4 des
ribes a skin dete
tion method for videos under lo
al 
olour deformation

of skin regions. Lo
al skin 
olour deformation may o

ur due to non-uniform illumination


aused by the motion of hands or other body parts. The proposed method updates the skin
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5.2 Future Work

model dynami
ally at the frames having signi�
ant 
hromati
 
hanges. The performan
e of

this method is evaluated on a set of manually annotated sign language videos. Experimental

results show that the proposed method 
an signi�
antly improve the overall skin dete
tion

a

ura
y in videos under un
ontrolled ba
kground and lighting 
onditions.

5.2 Future Work

Our proposed work addressed a number of existing issues of skin 
olour dete
tion and

segmentation. It also points to 
ertain areas whi
h 
ould bene�t from further resear
h.

• First of all, my work did not expli
itly address the issues of dete
ting skin regions in a

video when the ba
kground is dynami
.

• A

urate segmentation of skin regions of video frames under a 
ombined e�e
t of global

and lo
al illumination 
hanges is a major 
hallenge in real-life appli
ations, and this 
ould

be an important resear
h dire
tion.

• Our proposed methods used 
ontextual information of an image or a video to obtain

self-adaptive skin models. However, these models depend on manually sele
ted 
hromati


and textural features. On the other hand, deep learning-based ar
hite
tures are 
apable

of extra
ting low level to high level features automati
ally for di�eren
e 
omputer vision

appli
ations. Therefore, future work 
ould be motivated towards an in
orporation of the

proposed lo
al adaptation s
hemes onto a deep-learning-based ar
hite
ture.
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