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ABSTRACT

HAND TRACKING

This thesis presents a hand detection and tracking system where hand is ini-

tialized using the color clue and tracking is achieved with the integration of color and

texture information.

Three nonparametric skin classification schemes; histograms, kernel densities,

voronoi tessellations are analyzed on six different colorspaces. The optimal fusion of

color features is also investigated for illumination free skin classification.

The texture and color cues are combined to track the hand through the course of

action. Texture is defined by Local Binary Patterns (LBP), which is a coarse estimation

of joint probability of neighboring pixel values. By combining the color with texture

more robust representation of hand is attained and meanshift algorithm is used to locate

the hand in this representation space. The results show that texture-color combination

can deal with face-hand overlaps and confusions of hand with other skin colored regions.
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ÖZET

EL TAKİBİ

Bu tezde bir el sezim ve takip sistemi sunulmaktadır. Sezim işlemi renk temelli

olup, takip renk ve doku bilgisinin kaynaştırılmasıyla gerçeklenmiştir.

Üç farklı parametrik olmayan sınıflandırıcı; histogram, kernel ve voroni olasılık

kestiricileri, altı farklı renk uzayında karşılaştırılmıştır. Ayrıca aydınlanmadan daha az

etkilenen bir renk kaynaştırma sistemi sunulmuştur.

El takibi için renk ve doku bilgileri birleştirilmiş ve dokuyu tanımlamak için

aydınlanma farklılıklarından etkilenmeyen bir operatör kullanılmıştır. İki bilginin birleş-

tirilmesiyle daha gürbüz bir el tanımlaması ve takibi elde edilmiştir. Edindiğimiz

sonuçlar bu yaklaşımın el-yüz örtüşmesini çözebildiğini ve eli arka plandaki nesnel-

erden daha iyi ayırabildiğini ortaya koymuştur.
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1. INTRODUCTION

Gestures form the majority of our communication. It was believed that gestures

are the acts of human being that only accompany the speech. However study of Mahre-

bian [1] revealed the importance of nonverbal acts. In his research Mahrebian found

that only about 7 percent of the emotional meaning of a message is communicated

through explicit verbal channels. About 38 percent is communicated by paralanguage,

which is basically the use of the voice. About 55 percent conveyed through nonver-

bal channel. Meadow [2] underlines that gesture can both accompany the speech and

substitute speech. She claims that gesture enriches the communication of speakers.

Either way, gesture provides another representational channel where the message may

be conveyed easier.

Carrying bulk of the message and being a powerful channel, gesture is an alter-

native way of interaction with computers. The most popular mode of human-computer

interaction HCI devices, mouse and keyboard, are strictly limited in speed and capa-

bility for interaction with computer. Gesture is a more natural and continuous mode

in that sense. Not only from human-computer interaction point of view but also from

automatic analysis of human-to-human interaction point of view, gesture is important.

As Mahrebian pointed out; understanding the human gesture means understanding the

bulk of the message.

It is not a surprise, though, many uses of gesture systems have been envisioned

and some of them are already implemented. One scenario is sign-to-text / speech

translation system. It is translation of sign language (SL) gestures to text or speech

of a spoken language such as English. In an ideal system, the SL recognition module

would have a large and general vocabulary, and be able to capture and recognize manual

information without restricting the user or environment.

Another scenario is bandwidth conserving communication between signers through

the use of avatars. Sign input which is recognized at one end of the system can be
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translated to the other end to animate an avatar. This is a great substitute for live

video transmission.

A different scenario is the improving the game playing experience of the user which

has several implemented forms in the industry [3]. The user executes the commands of

the game by using gesture actions. For example, a gun is aimed, or the sword of game

character is controlled by users’ hand movements.

A gesture is composed of four main factors: hand shape, hand position, hand

orientation and hand movement. Hand shape is the general appearance of the hand;

the position of palm and fingers. Hand position is the location of hand in the scene; the

closeness to body, face or an object. Hand orientation can be explained as the direction

of the hand; however it is clearer when palm is considered. The orientation of the hand

is the direction where the palm faces. Hand movement is the most important element

which shows the direction of motion or the trajectory of hand gesture. A gesture

recognition system must have correct and continuous flow of these four elements in

order to interpret the gesture right. The backbone of such a system is a hand tracker

which must be robust to dynamic structure of the hand, in other words, it must be a

system which can deal with rapid changes in hand appearance and hand movement.

A gesture recognition system is composed of three main stages: hand initializa-

tion, hand tracking, hand posture recognition and interpretation. Hand initialization is

locating the hand in the beginning of a gesture, whereas hand tracking is the estima-

tion of the hand location based on the previous information of hand. This information

may be in terms of 2D position, velocity or acceleration of hand, or may either be

shape, color or texture of hand. A hand tracker receiving the previous information,

outputs the position and motion estimation of the hand. Although the position or

hand trajectory information is adequate for some gesture recognition systems like a

boxing game scenario where only the rough estimate of user arm motion is needed, for

some other scenarios such as SL recognition the posture information of hand is also

expected in addition to trajectory. For such systems an additional hand posture recog-

nition module is placed after the hand tracker to extract the hand pose. Interpretation
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Figure 1.1. Overview of gesture recognition system. The hand position is initialized

with a hand detector and hand tracker continuously estimate and locate the hand

during the course of action. An optional hand posture recognition may be need for

some tasks such as sign language recognition. The recognition of gesture is achieved

by interpreting the information supplied by hand tracking and hand posture

recognition processes with respect to a grammar where the set of rules lie.

is where recognition of gesture takes place. The interpretation module is connected

to an external grammar module where a language model or more generally a set of

rules lies. Communicating with the grammar module the interpreter distinguishes the

gestures from each other.

1.1. Overview of Hand Detection Techniques

A hand tracker needs to be initialized to track the hand. The system that realizes

this automatic initialization is hand detector. The bare task of a hand detector is to

locate the initial position of the hand. The authors developed numerous approaches (see

table 1.1) that can be categorized to four: marker based, body model based, appearance

based, motion based, skin color based.
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1.1.1. Marker Based Hand Detection

The earliest efforts to locate the hand in a scene involve colored markers, which are

generally colored gloves that are worn by the user. These gloves are single and known

colored gloves that can be easily extracted from the scene using the color code of the

glove. Starner and Pentland [4] use two different colored gloves for each hand. System

initializes seeds of appropriate color, then region growing is applied to segment the

hand. Keskin et. al. [5] use a uniform colored glove that is different from background.

User moves his/her hand to introduce the system the color of the marker. The system

collects the moving pixels and calculates their average hue value which is afterwards

used to segment the hand region in the sequence.

Marker based hand detection is a simple solution to locate the hand, yet it is

not a natural way of interaction, because the technique requires user to wear a special

equipment for interaction.

1.1.2. Body-Model Based Hand Detection

These systems initialize the hand by asking the users to place their hand to known

position in the scene or ask them to sit in a predefined location with a predefined pose.

Tanibata et. al. [6] define a template of a seated person where the user is required to

be seated in a known initial position/pose. The region that coincide the hand location

in the template is simply labeled as the hand region. Zieren et. al. [7] distinguish the

hand regions from other skin regions using a model that indicates the possible position

of hands with respect to each other and with respect to face. Haritaoglu et. al. [8]

initiate a cartoon model which represents a person that is standing in an upright pose.

It is used to predict locations of body parts such as head, torso, arms and legs. Final

location of hand is detected via template matching.

Body models constrain the user considerably, because they require the user be in

a known pose. They fail when a reference object, e.g. face, torso, is not present in the

scene.
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Figure 1.2. Body model based hand detection example. The subject is seated in front

of the camera at a known location with a known pose. The hand regions are

extracted with respect to body template. The image at the left shows the template

and image at the right shows the hand segmentation result.

1.1.3. Appearance Based Hand Detection

Appearance of hand is also preferred by some authors for hand detection. They

either, keep a single pose of the hand and ask user to hold that pose, or they train a

classifier with several poses and locate the hand by seeking for these poses. Terillon

et. al. [9] finds hand location correlating the hand blobs with predefined templates.

The authors use phase component of the FFT for correlation process. Their method

achieve 82.6% classification rate for 10 different hand postures. Klsch and Turk [10]

implement a viola-jones detector [11] for hand localization. The method consists of

combination of weak classifiers to obtain one robust classifier. They train their system

with 2300 images of 6 hand postures that are taken in different illumination conditions.

Their best detector detects and classifies 92.5% correctly. The highest hand detection

rates with 99.8% are reported by Ong and Bowden [12] where they also build their

detector upon viola-jones methodology. The authors manually form a tree of boosted

hand detectors consisting of two layers. The top layer contains general hand detectors

and branches specialize in classifying more specific hand shapes.

Although reported rates are high, the appearance based detectors are very sen-

sitive to nuances in hand shape. A minor finger bend may easily fail the detector.
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Figure 1.3. Appearance based hand detection example. The Viola-Jones tree is

constructed manually where upper levels are trained to detect more general poses of

hand and lower levels are trained with more specific poses of hand. This detector

detects both location and pose of the hand

Furthermore they are not invariant to hand rotation and pose.

1.1.4. Motion Based Hand Detection

To locate the hand several other authors benefit from motion of the hand. They

assume a continuous hand movement and detect the motion or rapid appearance change

in the scene to detect the hand. Yuan et. al. [13] rely on the assumption that appear-

ance of the hand changes more frequently than the other objects in the background.

They apply block based matching between consecutive frames and label the regions

which have high matching error. Akyol et. al. [14] estimate motion probabilities in the

scene using motion history images. Final location of hand is detected with watershed

segmentation.

The motion based techniques when used alone brings poor performance because

the absence of movement means no detection. Motion segmentation results in over-

segmented regions which is hard to process afterwards to locate the hand.
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Figure 1.4. Motion based hand detection example. The hand regions are detected

based on the assumption that hand move and appearance more frequently than other

objects. The brighter areas on the left image indicates existence of a hand. The

image on the right shows detected hands.

1.1.5. Skin-Color Based Hand Detection

Skin color based hand detection is the most accepted technique in hand detection

literature. Either it is used alone or combination with other techniques, it is the most

natural way of detection that constrains the user least. This technique relies on the

discriminative characteristic of human skin color. Authors usually train a generic skin

model and apply a pixel-based skin detection to identify the possible hand regions.

In Starner et. al. [15] the system initializes a seed for each hand with respect to

a skin model and region growing is carried out to segment hands of the user. Raja

et. al. [16] use Gaussian Mixture Models estimate the probability densities of skin

color, clothing color and background color. The hand and face locations are identified

with these models. The hand is distinguished from the face based on upright posture

assumption of the person. The system labels lower blobs as hand regions. Yang et.

al. [17] combine skin color cue with geometrical cues. They apply a skin detection

to initialize the skin blobs in the images, followed by a region merging process until

the blobs have an elliptical shape. They label the biggest blob as head and remaining

blobs as hands. Akyol et. al. [14] and Shan et. al. [18] employs skin detection with

motion detection to obtain a more robust estimate of hand location.

The human skin color is a strong cue that helps to identify the hand in a scene.

It is able to discriminate hand and face from other objects. Moreover it is invariant

to scale, rotation, occlusion or pose of the hand. Together with additional information
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Table 1.1. The cues used to detect the hand. The plus signs shows the employed cues

by the method(s) on the left.

Method Marker Body Model Motion Skin Color Appearance/Shape

[4] +

[5] + +

[6] +

[7] + + +

[8] + + +

[13] +

[14],[19] + +

[15] +

[16] + +

[17],[9] + +

[10],[12] +

such as motion, shape, texture etc. the technique has the potential for robust hand

detection.

1.2. Overview of Hand Tracking Techniques

After initialization of the hand position by a hand detector, the position and

motion information is supplied by a hand tracker. Some authors [10],[12],[15] use de-

tection methodology iteratively to locate the hand separately at every frame. However

that is not a real tracking strategy and detectors can not capture dynamics of a hand

which limits their tracking capability. For these reasons this section analyzes the track-

ing mechanisms that estimate the position of the hand based on the previous state of

hand.

1.2.1. Appearance Based Hand Tracking

Appearance based tracking methods tracks the hand by matching the portions

of hand between two successive frames. Yuan et. al. [13] assume hand undergo rapid
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Figure 1.5. Appearance based hand tracking example. The image is segmented to

homogenously moving regions and tracking is achieved matching those regions from

frame to frame. In the lower row every region is represented with a different gray

level value.

appearance changes from frame to frame. They track the hand applying a block based

matching between consecutive frames and label the blocks which bring high matching

error. Afterwards they apply a temporal filter with respect to a motion model to

identify the consistent hand trajectories.Yang et. al. [17] apply a multi-scale motion

segmentation to identify homogenously moving regions in each frame. Then these

regions are matched between consecutive frames to obtain correspondences. Affine

transformations and accordingly motion is estimated from matched region pairs.

Appearance based methods have to rely on the assumption that hand shape

doesn’t change between consecutive frames. Because otherwise they would not be able

to find matches from frame to frame. This implicit assumption limits appearance based

methods in hand tracking, because hand dynamics rarely obey this assumption. As a

result region matching ambiguities occur leading to false tracking. Furthermore, these

methods are easily affected by environmental conditions like illumination and complex

background.

1.2.2. Motion Based Hand Tracking

Motion based tracking methods model the motion of the hand using e.g. velocity,

accelerationetc. of hand. These methods assume smooth trajectory that the hand

follows. They are usually embedded with another method that extracts the exact

location of hand. Haritaoglu et. al. [8] employ a second order motion model to estimate
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the hands’ location in subsequent frames. The prediction from this model is used to

estimate bounding box location of hands. Then these bounding boxes are compared to

actual hand images to determine the final position of hand. To obtain hand position

in the next frame Zieren et. al. [7] apply Kalman prediction and locate the exact

position of hand with mean shift algorithm. They run the mean-shift algorithm on a

probability map which is combination of skin probabilities and motion probabilities.

CONDENSATION is a popular method proposed by Isard and Blake [20]. Their system

is based upon sampling the posterior distribution in the previous frame. It propagates

these samples iteratively to successive frames. It combines the motion model with

visual observations to accomplish robust tracking of hand.

Motion based tracking methods alone is useless, because they only mimic the

movement characteristics of hand and they need a feedback to continuously update the

model to bring accurate estimates. They make a close estimate of next hand location.

On the other hand the inclusion of additional methods that can precisely locate the

hand from a motion based estimate can achieve high tracking performances.

1.2.3. Feature Based Hand Tracking

Feature based tracking methods are most popular approaches in hand tracking.

They consist of extracting a feature that can represent the hand invariant from scale,

rotation and orientation and apply the Mean-shift [21],[22] algorithm on that feature-

space. Mean-shift is a gradient based search mechanism which can locate the modes

in differentiable surfaces. In the original algorithm Commaniciu et. al. [21] represent

the objects with their color probability distributions using a 16x16x16 RGB histogram

and apply mean-shift on this probability feature-space. Polat and Ozden [23] combine

Mean-shift tracking with motion detection to deal with background color confusions.

They utilize a statistical foreground modeling based on kernel density estimation tech-

niques and detect changes in the scene based on this model. They combine the motion

probability estimate with color distribution probability estimate to obtain better object

tracking.
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Figure 1.6. Feature based hand tracking example. The skin probability image is

calculated with respect to a generic skin model and the tracking is carried out on this

feature space.

Mean-shift is a very simple general purpose tracking mechanism. The most impor-

tant part is the selection of feature that is able to represent the object and distinguish

this object from others. Color distribution has been a very powerful representation of

objects for many cases which is also robust to orientation, occlusion and scale. However

by its own color is not discriminative enough for hand in a gesture recognition scenario.

The existence of face and skin-similar colored background objects arise the need of an

additional representation.

1.2.4. Limitations of Hand Trackers

There are several points that majority of the hand tracker lacks. If the skin

color is used, the performer have to wear long-sleeve clothing and background should

be free of skin colored objects. If motion cues are used, hand is assumed to be only

moving object on a stationary background. The constant movement of hand is also

mandatory for motion-based trackers. Shape based approaches limit the user clothing

and background as well. They fail when hand experiences a partial occlusion, or an

overlap with the face. Moreover shape-based trackers suffer from dynamic appearance

of hand.
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Table 1.2. Restrictions and constraints used in hand tracking.

Constraint Method

long-sleeved clothing [17],[7],[21],[23]

uniform background [13],[17],[7]

stationary background [13],[17],[8],[7], [20],[23]

stationary or minor head movements [13],[23]

constant hand movement [13],[23]

fixed body location and pose [8],[7]

unnatural signing to avoid face overlap [17],[21]

1.3. Contribution of the thesis

In this thesis skin color detection method is selected to detect the hand position

and initialize the tracker. The state-of-art approach [24] histograms which belongs

to nonparametric density estimation family was systematically compared with two

more nonparametric density estimation methods: kernel density estimates and voronoi

tessellations. We propose a general purpose, parameter free density estimation and

classification scheme which is shown to be robust on skin classification problem. The

effect of colorspace transforms on skin detection problem is also carefully investigated.

To improve the performance of a classifier an optimal feature fusion and selection

algorithm is illustrated and tested on skin detection.

A new and general purpose tracking methodology is proposed which is based on

dynamic texture representation and mean-shift tracking. This feature representation

scheme allows keeping the spatial relationships of object appearance still being invariant

to rotation and scale.
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2. PIXEL-BASED SKIN DETECTION

The human eye may not distinguish an individual pixel whether it is a skin or

not, because human cognition needs higher level information that indicates the spatial

relationships. However the human skin has a characteristic color which is distinct from

many other objects in the nature. In other words, color of human skin, only by itself,

has a discriminative power which can be used to identify the hand regions. Thus a skin

detector may eliminate non-hand regions and increase the robustness of hand detection.

It is claimed that the skin color has a consistent hue [25], that every human being

has the same hue and different saturation change the appearance of skin. However this

is not completely true that skin color appearance has a nonlinear relationship [26] with

illumination. It is also affected from environmental colors, because of the refractions

from these colored surfaces deviate the skin color appearance. Moreover the capture

media e.g. camera, scanner, television influence the skin color appearance in a non-

standard way.

Bulk of the pixel-based skin detection studies concentrates on statistically rep-

resenting the skin color distribution and identifying the skin color region using one of

piecewise-linear decision boundaries, density estimation combined with Bayesian de-

cision or artificial neural networks. Other color representations than RGB, ranging

from standard color spaces YCrCb, HSV, CIELab to pseudo color spaces [26], [27],has

been examined for better skin color segmentation. In short a skin detection task needs

consideration two elements which are representation of skin colors in a colorspace and

a classifier that can draw the skin region boundaries clearly.

2.1. Color Representation

The color representation is the main issue that should be considered in a skin

detection task. The key reason of color transformation is to decrease or to remove

the effect of illumination and environmental factors. A second reason is to increase
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Figure 2.1. Popular colorspaces used in color based studies.

the compactness of skin region that will also increase the discrimination of human skin

color from others. The most preferred color representations are RGB, normalized RGB,

CIELab, CIExyz, HSV, YCbCr, YIQ and YUV.

2.1.1. RGB

RGB is a colorspace originated from CRT (or similar) display applications, when

it was convenient to describe color as a combination of three colored rays (red, green,

blue). It is one of the most widely used colorspaces for processing and storing of digital

image data. However, high correlation between channels, significant perceptual non-

uniformity mixing of chrominance and luminance data make RGB not a very favorable

choice for color based analysis and recognition algorithms.

2.1.2. Normalized RGB

Normalized RGB is a representation that is easily obtained from the RGB values

by a simple normalization procedure:

r =
R

R +G+B
, g =

G

R +G+B
, b =

B

R +G+B
(2.1)
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where R,G,B are Red, Green, Blue values respectively and r, g, b are normalized ver-

sions of them. Because the sum of three normalized components is known (r+g+b = 1),

the third component does not hold any significant information and can be omitted, re-

ducing the space dimensionality. The remaining components are often called pure

colors, yet the dependence of r and g on the brightness of the source RGB color is

diminished by the normalization. A remarkable property of this representation is that

matte surfaces are invariant (under certain assumptions) to relative changes of surface

orientation to the light source.

2.1.3. HSI, HSV, HSL - Hue Saturation Intensity, Value, Lightness

Hue-saturation based colorspaces are outcome of numerical representation need

of color properties. They describe the color with intuitive values, based on the artist’s

idea of tint, saturation and tone. Hue defines the dominant color, such as red, green,

purple and yellow, of and area, saturation measures the colorfulness of an area in

proportion to its brightness. The intensity, lightness or value is related to the color

luminance. The intuitiveness of the colorspace components and explicit discrimination

between luminance and chrominance properties make these colorspaces popular in skin

color segmentation studies.

2.1.4. CIExyz

The International Commission on Illumination CIE has defined a human ”Stan-

dard Observer”, based on measurements of the color-matching abilities of the average

human eye. Using data from measurements made in 1931, a system of three primaries,

XYZ, was developed in which all visible colors can be represented using only positive

values of X, Y and Z. The Y primary is identical to Luminance, X and Z give col-

oring information. This forms the basis of the CIE 1931 XYZ color space, which is

fundamental to all colorimetry. Values are normally assumed to lie in the range [0;1].

Colors are rarely specified in XYZ terms, it is far more common to use ”chromaticity

coordinates” which are independent of the Luminance (Y). The main advantage of

CIE XYZ, and any color space or color definition based on it, is that it is completely
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device independent. The main disadvantage with CIE based spaces is the complexity

of implementing them; in addition some are not user intuitive.

2.1.5. CIELab

CIELab is based directly on CIExyz and is an attempt to linearize the percep-

tibility of color differences. The non-linear relations for L, a, and b are intended to

mimic the logarithmic response of the eye. Coloring information is referred to the color

of the white point of the system.

2.1.6. YCrCb, YUV, YIQ

YUV and YIQ are standard color spaces used for analogue television transmission.

YUV is used in European TVs (PAL) and YIQ in North American TVs (NTSC).

YCbCr is usually used for image processing work. These colors spaces are device-

dependent, like RGB, but they are calibrated. This is because the primaries used in

these television systems are specified by the relative standards authorities. Y is the

luminance component and is usually referred to as the luma component, U,V or I,Q

are the chrominance components (i.e. the color signals).

2.2. Classifier

2.2.1. Piecewise-Linear Decision Boundaries

This model implies drawing the skin cluster with some number of rules. Single or

multiple ranges of threshold values for each colorspace component is defined and image

pixels that fall into this defined cluster is labeled as skin pixels.

Dai and Nakano [28] use I component of YIQ colorspace which holds the colors

from orange band to cyan band. The pixel values that are in the range RI = [0, 50] are

identified as skin pixels. Sobottka and Pitas [29] define the skin region Hue-Saturation

colorspace within the ranges RH = [0, 50] and RS = [0.23, 0.68]. Chai and Ngan [30]
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Figure 2.2. Piecewise linear decision boundary based skin detection example. The

skin region is defined by a set of lines or curves. A pixel falls into that region is

classified as a skin pixel.

applied their face detector in the CbCr colorspace and identify skin pixels that fall into

RCb = [77, 127] and RCr = [133, 173]. Hsu et. al. [26] defined an elliptical decision

boundary on a pseudo colorspace based YCbCr.

2.2.2. Density Estimates

In this method the color distribution of skin tone in a colorspace is represented

via a density estimation technique. Nonskin pixels may further be modeled with same

technique. If only skin tone estimate is present a thresholding is applied that classifies

the pixels as skin pixels which have a skinness probability above that threshold. On

the other hand, if an estimate of nonskin tones is also present, the final decision is

taken by comparing the likelihood probabilities or using the Bayesian rule. The most

important issue while using this technique is to obtain an accurate density estimates

of skin and nonskin tones.

2.2.2.1. Histogram Models. In this method a 2D or 3D histogram is used to represent

the skin tones in some colorspace. The histogram is quantized into a number of his-

togram bins where each histogram bin stores the count associated with the occurrence

of the bin color in the training dataset. The histogram bin counts are converted into

probability distribution, P (c) as follows:

P (c) =
count(c)

T
(2.2)
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where count(c) gives the count in the histogram bin associated with color c and T is

the total count of all histogram bins. These values correspond to the likelihood that a

color belongs to a skin or nonskin class.

Zarit et. al. [31], Yoo and Oh [32] classify pixels as skin that has a skinness

likelihood greater than a predefined threshold. Jones and Rehg [24] examine a 3D

RGB histogram model with two billion pixels collected from 18,696 web images. They

compute two different histograms for skin and nonskin colors. They compute class

conditional probabilities:

P (c|skin) =
s(c)

Ts

, P (c|nonskin) =
n(c)

Tn

, (2.3)

where s(c) is the count in c-bin of skin histogram. n(c) is the count in the color c-bin of

the nonskin histogram. Ts and Tn represents the total counts in the skin and nonskin

histogram bins respectively. Jones and Rehg reach to a decision using the rule:

P (c|skin)

P (c|nonskin)
≥ θ (2.4)

where 0 ≤ θ ≤ 1 is a threshold value which can be adjusted to trade-off between false

positives and true positives.

The histogram method is easy and simple table lookup is needed to compute

likelihood probabilities. Thus it is also used by Albiol et. al. [33], Shin et. al.[34] ,

Fleck et. al. [35], Gomez et. al.[27], Zarit et. al. [31], Sigal et. al. [36].

2.2.2.2. Gaussian Mixture Models. Many representative works of skin color modeling

have used Gaussian Mixture Models (GMM). The advantage of this parametric model is

it’s generalization ability with less training data and also have less storage requirements

with respect to histograms. The technique relies on weighted combinations multivariate
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Gaussians:

p(c) =
N∑

i=1

wi
1

(2π)1/2|Si|1/2
exp

[
−1

2
(c− µi)

TS−1
i (c− µi)

]
(2.5)

where c is the color vector and µi and Si are the mean and covariance matrix of ith

Gaussian. N is the total number of Gaussians and wi corresponds to weight of ith

Gaussian. The parameters of GMM are estimated from data through the iterative

expectation-maximization (EM) technique. The initialization of training parameters

are obtained using k-means algorithm. Because there is not any commonly used and

sound technique to choose the number of Gaussians, the authors apply their own eval-

uation scenarios (i.e. visual inspection).

The classification is done as in histogram case. Either a single skin likelihood is

thresholded, or skin and nonskin likelihoods are compared using equation (2.4). Ter-

rillon et. al. [37] apply GMM to nine color spaces and compare their skin classification

performances with GMM. Jones and Rehg [24] train two GMM for skin and nonskin

distributions with 16 Gaussians. On the other hand Lee and Yoo [38] used 6 Gaussians

to train GMM on the same dataset.

2.2.3. Artificial Neural Networks

Artificial Neural Networks (ANN) have been successfully applied in pattern recog-

nition tasks due to their ability to learn complex relationships between input and output

and their ability to generalize the given data. Chen and Chiang [39] used a Multi Layer

Perceptron (MLP) in CIE- xy space for skin classification whereas Phung et. al. [40]

used MLP in CbCr space.

Another ANN skin detection methodology is proposed by Brown et. al. [41]

based on Self Organizing Maps (SOM). The SOM algorithm is based on unsupervised,

competitive learning. The SOM constructs a topology preserving mapping from the

high-dimensional space onto map units in such a way that relative distances between

data points are preserved. The map units, or neurons, usually form a two dimensional
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Table 2.1. Performances of pixel-based skin detection methods

Paper Colorspace Classifier Test Dataset TD FD

Jones and Rehg,[24] RGB Histogram Compaq 90 14.2

RGB GMM Compaq 90 15.5

Zarit et. al.,[31] nRGB Histogram 128 images 90 19

YCrCb Histogram 128 images 89 14.1

Gomez,[27] Pseudo Histogram 31,450 images 97 5.1

Brown et. al.,[41] TSL SOM Compaq 78 32

Phung et. al.,[40] YCrCb Piecewise Linear ECU 82 18

RGB MLP ECU 88.5 10

Hsu et. al.,[26] YCrCb Piecewise Linear HHI 96.6 n/a

regular lattice where the location of a map unit carries semantic information. The

SOM can thus serve as a clustering tool of high-dimensional data. Brown et al. [41]

train two separate SOMs with 500 images to learn distributions of skin and nonskin

color tones. They use different number of mapping units and compared their setups

with GMMs. The SOMs perform consistently better than GMMs.

2.3. Discussion

The piecewise linear decision boundaries are fixed and are determined empirically

from the visual inspection of skin color distribution. This method has the advantage of

being simple and fast. However, it has many limitations. The skin region differs from

one illumination source to another and from one capture source to another. It is not

possible to represent these skin color deviations using fixed ranges.

High recognition rates, 90% with 14.2% false detection [24] has been reported

with histogram technique. Histogram classification performance is usually above the

GMMs and ANNs. However due to its inability to interpolate and generalize the data,

the histogram method needs a very large training dataset to get a good classification

rate. A 3D histogram with 256 bins per channel has 2563 bins. Due to the sparse

distribution of skin points, the number bins is reduced. This helps in creating more
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compact and true estimation of the skin probability densities. However, the number

of bins that gives the best performance varies with colorspace representation and the

size of the training dataset.

GMMs have been a popular choice for skin-color segmentation as they can gener-

alize very well with less training data. The mixture models approximate the skin-color

distribution effectively, when the initialization of parameters, number of Gaussians

and their centers can be set correctly. However there is no concrete methodology to

set these parameters, so the task is done empirically.

ANN methods achieve comparable performances with small number of data and

they usually need less storage space. SOM is a good architecture with only one pa-

rameter that is number of mapping units. On the other hand, an MLP needs to be set

the number of layers, number of the hidden units and the hidden unit function.

Even though several authors concluded that skin cluster has a Gaussian shape

[42],[38],[36], it is not completely true. Furthermore, the number of Gaussians that form

this distribution is not clear. The best way to estimate the skin distribution is to apply

a nonparametric approach and estimate the density without relying on any assumption.

The nonparametric methods will not drastically be affected with colorspace transfor-

mations, because they do not assume an overall shape about the distribution. The next

chapter develops these ideas applying the nonparametric methods; histograms, kernel

density estimators and voronoi tessellations on six colorspaces.
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3. NONPARAMETRIC SKIN CLASSIFICATION

When there are concrete cues or expertise about a domain, the assumptions

may lead to a robust classifier. The assumptions may fill the lacks of training data

with the expertise and bring accurate estimations. In the opposite case, when the

assumptions do not overlay with real data distribution the results are dramatic. In

skin classification case, several authors claim that the skin color distribution resembles

the normal distribution which is true for a single person data. However for more general

cases the skin color distribution is somehow an arbitrary distribution which can not be

explained with a single gaussian. It is most appropriate not to assume anything about

the skin distribution and apply a nonparametric model. Nonparametric models are

able to imitate the probability densities quite accurately. Consequently, nonparametric

models perform equally well in any representation of skin color, because they do not

rely on any overall assumption about data distribution.

This chapter analyzes histograms, kernel density estimator and voronoi tessella-

tions; compare their performances on skin classification problem. The models are used

to form the closest density estimates of skin and nonskin colors, the classification is

achieved by comparing the likelihoods of given pixels.

3.1. Histogram

Histogram is the set of non-overlapping bins, where frequency is the number of

data points that fall into those defined intervals (bins). It is the simple outcome of

”collecting together similar events” logic. Keeping in mind bins may have different

widths, in practice the same width is chosen for all bins and histogram is defined with

this single parameter. The best bin width value is estimated empirically.

The histogram estimate is defined as,

p̂(x) =
]{xi in the same bin as x}

Nh
(3.1)
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(a) h=0.5 (b) h=1.0 (c) h=2.0

Figure 3.1. Histogram density estimation with different h values. Increasing h means

smoother and less sparse estimates whereas local information is lost.

where ]{} indicates the number of instances that fall into the same bin as x, N is the

total number of instances xi and h is the width of the histogram bins.

3.2. Kernel Density Estimators

Histograms are not always powerful enough to explain a density. Histogram based

density estimations are sharp estimations because of the edgy structure of histogram

bins. The bins have strict boundaries, so the transitions between similar instances are

not smooth. However this is not the case for real world instances; that is, the data

that comes from a real problem tend to have smooth transitions. Thus histograms fail

to imitate continuity of densities.

Kernel estimators, also known as Parzen windows, can be defined as local estima-

tors, which arrive to a final estimation from weighted summation of local decisions of

every individual data point. Like a k-nearest neighborhood classifier, kernel estimators

collect the vote of, not only k many points, but every point in the training set and

evaluates the result. The effect of a vote changes with respect to a kernel that is placed

onto the voting data point. The kernel determines how much contribution a vote will

make to a test point that is being questioned.
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(a) h=0.25 (b) h=0.5 (c) h=1.0

Figure 3.2. Kernel density estimation with different h values. The influence of a data

point is determined by the shape of the kernel. High h increases the range of

influence and smoothness while decreasing local effects.

The basic formulation for a kernel estimator can be stated as,

p̂(x) =
1

Nh

N∑
i=1

K
(
x− xi

h

)
(3.2)

where N is the total number of training instances, K is the kernel function (i.e gaussian)

and h is the bandwidth of selected kernel.

There are several ways to analytically calculate an optimal h value in the litera-

ture, yet Scott’s [43] bandwidth selection rule is a very shorthand computation,

hj = σjN
(−1/(d+4)) (3.3)

Here j is the index of a dimension, d is the total number of dimensions and σj is the

standard deviation of jth dimension. Scott’s rule distributes the standard deviation

to all instances equally to obtain the best approximation and smoothness in the final

estimate.

3.3. Voronoi Tessellations

Voronoi Tessellations (VT) is the special case of k−nn classifier where k = 1 that

every input is associated with nearest sample data. Every sample data is considered
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Figure 3.3. Voronoi Tessellations Example. The dots represents the cluster centers

and lines represents the boundaries of these clusters. A data that fall into a cluster is

associated with the center of that cluster.

as a separate class so the associated input becomes member of that class. Accordingly

class conditional probabilities can be computed as,

p̂(x|Ck) =
1

N

N∑
i=1

rk
i (3.4)

where x is the data point being tested and N is the normalization constant which is

the number of all instances. Here rk
i is 1 if xi ∈ Ck and 0 otherwise.

3.4. Supervised Voronoi Tessellations

This method is the slightly modified version of the standard Voronoi scheme. The

difference is the tessellations contain more than one class, because the tessellations map

is constructed from every training instance. Then the class conditional probability of

a test instance x is computed by,

p̂j(x|Ck) =
1

Nj

N∑
i=1

r
kj

i (3.5)
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where p̂j(x|Ck) is the probability that x belongs the class j(e.g. skin, nonskin), and

Nj is the total number of instances in all tessellations that belong to class j where N

is the number of all instances. r
kj

i is 1 if the xi ∈ Ck and xi ∈ j.

3.5. Classification Principle

The classification was based on comparison of class conditional probability. The

skin and nonskin probabilities of every test instance x were computed according to the

model being used and x was labeled as a skin pixel if,

P (x|skin)

P (x|nonskin)
≥ θ (3.6)

where θ is the threshold that trades-off the true positive and false positive ratios.

3.6. Experimental Results

The experiments were carried out on two separate skin datasets [44],[27]. The

main purpose to perform the test on two dataset is to measure the accuracy of the

classifier schemes. Because the sources of datasets are different from each other, the

consistency of the performance can be examined. Another point is, most of the skin

detection systems work with the hardware setups that are consistent in capture be-

havior. The images or the video sequence do not come from various sources. Thus the

second dataset [27] would tell more about the accuracy of nonparametric classification

on such systems.

The first comparison was carried out with different histogram setups to identify

the best bin width. For this purpose four different h values were tested. The dimensions

of each color channel was quantized equally so every histogram had 256/h bins for every

channel. The volume of the histograms were then (256/h)x(256/h)x(256/h). Half of

the dataset was used to train the histograms and the other half was used to test the

classification accuracy.
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Equal detection rates together with Receiver Operating Characteristics (ROC)

curves were calculated to have a better view of performance. The ROC curves have

been used pretty much in the literature, because they reveal the performance behavior

of the system better than equal error rates. Moreover they supply a simple visual

comparison without much burden. In order to obtain the ROC curves, different θ

values in equation 3.6 were examined. Altering θ resulted in different true and false

detection rates, so these values were used to plot the ROC curves.

The training and test routines were repeated ten times, and true detection and

false detection rates were calculated for every setup. Afterwards, the true detection

and false detection rates were averaged for every threshold value. The resultant ROC

curves are shown in figure 3.4 and 3.5).

The ROC curves reveal that the h = 8 and h = 16 setups are usually better on

majority of the colorspaces which is parallel to results of [24]. Very large bin widths

return rough estimates where the local information is lost and probability decisions are

less adaptive. On the opposite case, very small bin widths result in spiky estimates

where the generality is lost. The values h = 8 and h = 16 bring a good trade-off

between generality and locality.

The ROC curves also reveal the effect of colorspace transformations on classifi-

cation performance. The transformations influence the classification characteristics of

histogram setup. The main reason of this performance difference is the difference in

skin distribution on every colorspace. Because of the characteristics of the colorspace,

the transformations shape the skin region and distributions uniquely. As a result, the

variance and location of the skin colors differentiate from one colorspace to another.

The same bin width for every color channel setup is not capable to capture enough

these nuances.

Kernel density estimation brought the highest results and the best ROC curves

on most of the colorspaces. The main reason is the structuring principle of kernel

estimates. Because of the influence introduced by kernel function, the estimates tend
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to be smooth and continuous. Another consideration point is the bandwidth of the

kernel. Results prove the suitability of Scott’s rule [43] for bandwidth selection. It

trades off generality and locality of the information intelligently by distributing the

overall variance to individual instances.

Voronoi performed one step below the histogram. The estimation performance

was smooth and accurate on many colorspaces. The incremental tessellation was carried

out until the average distortion drop 5 percent, so the Voronoi scheme located majority

of the tessellation centers to erroneous regions. The average number of tessellations was

around 300 which is significantly less than the size of any histogram. Thus incremental

tessellation is a substitute for histogram estimation, where the data distribution is not

known and nonparametric; because voronoi tessellation has only one parameter to tune

where a histogram may need a bandwidth for every dimension of the data.

Supervised voronoi scheme performed excellent through out all test runs. Both

classification and density estimation results are almost equal to kernel densities. Pay

attention that the supervised voronoi tessellation algorithm is the only algorithm that

minimizes the classification error. The other schemes are density estimation method-

ologies which are more concentrated on minimizing the probability density estimation

error. Of course, a good estimation means good classification however they spend

significant memory or computational source for this purpose while supervised voronoi

algorithm achieves the same goal with a lot fewer.

3.7. Discussion

Nonparametric schemes are best choice when a concrete knowledge about data

is not present. The results show that they all perform in acceptable regions. However

their adaptiveness on different transformations is not same. Histograms are very easy

to implement and employ, but they need considerable number of instances to obtain

a good estimate. Kernel density estimates are the most accurate among all however

their applicability is constrained because of massive computational demand. Voronoi

tessellations are good substitutes for both, because they balance the memory needs and
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Table 3.1. Equal detection rates of classifiers on first dataset. The table shows the

points where true detection and true rejection rates are equal.

Colorspace Hh=8 Hh=16 Hh=32 Hh=64 K V SV

CIELab 78.5 77.3 76.6 73.0 79.6 70.3 77.8

CIExyz 77.6 76.3 69.1 67.8 77.0 73.3 75.0

HSV 76.8 81.5 79.1 75.3 82.3 77.1 79.5

normalized RGB 81.3 77.8 75.3 66.5 77.5 75.6 79.5

RGB 79.0 81.1 78.6 76.5 82.3 77.3 78.8

YCrCb 80.8 80.0 72.1 74.3 81.8 78.0 80.8

Table 3.2. Equal detection rates of classifiers on second dataset. The table shows the

points where true detection and true rejection rates are equal.

Colorspace Hh=8 Hh=16 Hh=32 Hh=64 K V SV

CIELab 86.3 84.5 84.1 82.0 88.3 81.3 89.3

CIExyz 90.3 86.1 81.1 72.1 77.5 81.6 79.5

HSV 92.0 92.6 87.1 83.3 88.0 85.6 88.3

normalized RGB 91.8 88.5 88.8 56.0 78.1 88.0 92.8

RGB 92.8 92.0 87.3 81.8 91.8 88.8 90.8

YCrCb 93.0 90.1 81.2 78.9 91.5 88.1 89.5

computational needs while performing in the acceptable range. Supervised schemes

are the best choice for the classification problem, because they allocate the significant

amount of source on critical regions and they iterate directly to reduce the classification

error.
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(a) CIELab (b) CIExyz

(c) HSV (d) normalized RGB

(e) RGB (f) YCrCb

Figure 3.4. ROC curves of histogram based skin detection on first dataset. The

figures show ROC curves of histogram based skin detection technique with different

bin width h values on six color spaces. h = 8 and h = 16 perform most consistent on

every colorspace.
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(a) CIELab (b) CIExyz

(c) HSV (d) normalized RGB

(e) RGB (f) YCrCb

Figure 3.5. ROC curves of histogram based skin detection on second dataset. The

figures show ROC curves of histogram based skin detection technique with different

bin width h values on six color spaces. h = 8 and h = 16 perform most consistent on

every colorspace.
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(a) CIELab (b) CIExyz

(c) HSV (d) normalized RGB

(e) RGB (f) YCrCb

Figure 3.6. ROC curves of all skin detection techniques. The figures show ROC curves

of histogram, parzen, voronoi and supervised voronoi techniques on six color spaces.
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(a) CIELab (b) CIExyz

(c) HSV (d) normalized RGB

(e) RGB (f) YCrCb

Figure 3.7. ROC curves of all skin detection techniques. The figures show ROC curves

of histogram, parzen, voronoi and supervised voronoi techniques on six color spaces.



34

4. OPTIMAL FEATURE FUSION

The results in previous chapter show that there is not a single colorspace that has

the highest discrimination of skin and non-skin pixels. One reason is, these colorspaces

can not separate the illumination channel efficiently from the chrominance, so inherit

illumination still deviates the skin color representation. However a clever integration

of these measurements may have a better separation, that is, an optimally weighted

combination of these color spaces may lead to less illumination sensitive skin detection.

The question here is how to find this optimal weight set that leads to the optimal color

space. In this chapter a fusion method [45] is analyzed that uses the non-perfect

correlations between colorspaces to obtain the best weight set.

4.1. Problem Definition

The problem can be redefined as in [45]: ”Given the set of observations of the

same quantity which are expressed in the same unit but which are obtained by N

different methods how are these methods to be combined in order to obtain most

accurate measurement of the process?”. It is only assumed that the distributions of

the observations are unimodal, so an observation may be stated as:

u = E(u)∓ σu (4.1)

where E(u) is the average value for the observation u and σu is the standard deviation.

The final observation is obtained from weighted combination of particular obser-

vations using the standard scheme:

E(u) =
N∑

i=1

wiE(ui) (4.2)

where E(ui) is the estimate of particular method i as in 4.1 and wi is the weight

associated with method i. Now, the problem is to find wi values.
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In order to find the wi values the non-perfect correlations are analyzed between

observation methods. Following the idea of [46] the variance of combined observations

can be written as

σ2
u =

N∑
i=1

N∑
j=1

wiwjcov(ui, uj) (4.3)

or equivalently

σ2
u =

N∑
i=1

w2
i σ

2
ui

+
N∑

i=1

N∑
j=1,i 6=j

wiwjcov(ui, uj) (4.4)

where ui is average output of observation method i and σui
is the standard deviation

of ui and cov(ui, uj) is the covariance between observation method i and j.

The weight set problem with respect to [46] is

minimize σu (4.5)

such that

N∑
i=1

wi = 1 (4.6)

−1 ≤ wi ≤ 1 , i = 1, . . . , N (4.7)

constraint 4.6 ensures that at least one method will be other than zero, or selected for

final decision, and constraint 4.7 limits the search space that wi will be in.

The objective function 4.5 is quadratic with linear constraints so it can be solved

by linear programming like simplex algorithm. Simplex will give a set of algorithm

mean-standard deviation pairs which will form a boundary line called frontier. The

frontier points are points of maximum mean for a given standard deviation or conversely
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minimum standard deviation for a given mean. That’s why frontier represents the

optimal mean-standard deviation set. Any point on the frontier, accordingly any weight

set can be selected yet they are all optimal. However the most appropriate selection

depends more on the application.

4.2. Application to Skin Detection

The weighting scheme is applied to twelve color planes that are RGB, rg, RG,

Y B, L∗, a∗, b∗, S, V . These planes correspond to observations ui, the contribution

weights are wi and standard deviation of each particular color plane is σu. The covari-

ance between color plane i and j is denoted by cov(ui, uj).

4.2.1. Training

The skin regions from a set of training images are transformed to twelve color

spaces and for all of this color spaces the expected mean, standard deviation and the

covariance matrix is calculated. Afterwards the optimal set of weights are calculated

using simplex algorithm. The weight set selection is depends on the application, how-

ever in skin detection application a weight set that has σu ≈ 1 gives good results. After

selecting the weight set an expected mean-standard deviation is obtained. Finally an

expected SNRTraining is calculated from the ratio of this expected mean-standard de-

viation pair. In the testing phase this SNRTraining will be compared to classify the

given pixel.

4.2.2. Testing

The weights are obtained in the training stage and combine color planes to a

single plane. In order to classify a single pixel the local mean and the local standard

deviation pairs are computed using a 3x3 window. Afterwards the ratio of these local

mean and local standard pair is calculated which gives the SNRTest value of the pixel
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Table 4.1. Correlation coefficients for skin tone.

R G B r g RG YB L a b S V

R 1.00

G 0.96 1.00

B 0.94 0.97 1.00

r -0.28 -0.51 -0.55 1.00

g 0.19 0.42 0.26 -0.62 1.00

RG 0.65 0.40 0.44 0.45 -0.50 1.00

YB 0.87 0.96 0.98 -0.69 0.39 0.25 1.00

L 0.98 0.99 0.97 -0.43 0.33 0.51 0.93 1.00

a 0.45 0.18 0.26 0.56 -0.71 0.96 0.06 0.29 1.00

b 0.45 0.39 0.19 0.33 0.36 0.40 0.11 0.41 0.20 1.00

S 1.00 0.96 0.94 -0.28 0.19 0.65 0.87 0.98 0.45 0.45 1.00

V 0.73 0.55 0.46 0.39 -0.10 0.87 0.31 0.62 0.72 0.78 0.73 1.00

under test. Finally the skin/nonskin decision is obtained comparing the SNR values,

D(x, y) =

 1 if |SNRTest(x, y)− SNRTraining| ≤ θ

0 otherwise
(4.8)

where SNRTest(x, y) is the local SNR of (x, y) pixel, SNRTraining is the expected SNR

value and θ is the threshold value.

4.3. Experimental Results

The first set of experiments was employed to the Solar et. al. dataset [44].

The system achieved %70 classification rate which is not better than nonparametric

methods. This poor performance is the result of compression algorithms which is

used to compress the dataset images. The compression algorithms apply blocking,

and quantization procedures to reduce the image size, but these applications disturb

the tone and spatial relationships of pixels that prevents the true measurement and

detection. Smoothing the input image reduces the blocking effect, but it also reduces
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Table 4.2. Selected set of weights for skin.

R G B r g RG YB L a b S V

1.00 -1.00 -0.07 1.00 0.24 -1.00 -1.00 1.00 1.00 1.00 -0.16 -1.00

the local variance and results in false rejections. Thus the performance of the system

is demonstrated on a gesture video where hand illumination changes drastically from

frame to frame.

The method was able to locate the skin regions not completely but fairly in-

dependent from illumination. The local standard deviation is usually smaller than

the expected standard deviation, so it results a higher SNR value. Setting a higher

threshold value is a solution for this problem, yet a higher threshold allows more false

positives. Hence, the threshold is the parameter here to trade off true and false posi-

tives.

4.4. Discussion

Overall, the system combines the observations of several independent sources to

obtain single solid measurement. Using the non-perfect correlations, the algorithm finds

an optimal weight set that gives a minimum standard deviation. The method benefits

from local relationships of the skin texture and eliminates the nonskin regions more

effectively. The method is less prone to illumination differences than other methods.

Although not perfect the method can detect extreme bright and extreme dark regions

more consistently.

4.5. Conclusion

All in all skin color is a very strong clue to determine the candidate hand regions.

It eliminates significant amount of non-hand regions. The remaining regions may then

be eliminated by employing extra information. In this thesis the motion and size

information are employed to identify the hand region. It is assumed that the face

occupies a larger skin blob than hand and also it is requested from user to wave his/her
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Figure 4.1. Mean-Standard deviation space for skin tone. The curved line is the

optimal frontier where optimal mean-standard deviation pairs lie. The selected

weight set is labeled with star.

Figure 4.2. Skin detection results of feature fusion. The above figure shows the skin

detection results of frame 32,58,74,93,101 from a gesture sequence. The second row

shows the detection results with histogram classification and the third row shows the

detection results with fusion method. The fusion method is less sensitive to lightning

and it can eliminate nonskin regions more robustly using the spatial information.
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hand to capture the motion and initial hand location more robustly.
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5. MEAN-SHIFT HAND TRACKING

Object tracking is the estimation of object’s next location based on the previous

measurements. In the simplest case, the template of the object is used to find the

next location by exhaustively matching the template in a predefined region [47]. This

approach is highly error prone that it assumes object appearance almost never changes

during the course of tracking. This is not a true assumption for many real world cases

because of the e.g. rotation, lighting change, partial occlusion factors. The object

hardly preserves it’s initial conditions. The exhaustive search, even it’s simple, is not a

choice for many situations as it demands considerable computational power and returns

poor performance.

A state-of-art and a general purpose tracking algorithm is the Mean-Shift tracker

[21] which uses color features to represent the object and gradient descent methods

to localize it. The algorithm is invariant to translation, rotation and deformations of

object while it does run in the linear time. This section summarizes the Mean-Shift

algorithm and presents it’s utilization on hand tracking problem.

5.1. Object Representation

To represent the target the color pdf of the object is chosen as the feature. The

density distribution of object’s color is estimated by m-bin histogram because of it’s

application ease. Thus target model q̂ and target candidate p̂(y) at location y is defined

as,

q̂ = {q̂u}u=1...m

m∑
u=1

q̂u = 1 (5.1)

p̂(y) = {p̂u(y)}u=1...m

m∑
u=1

p̂u = 1 (5.2)
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The pixels that lie on the borders of the object are more prone to occlusion

and interference with background. In order to increase the robustness of the density

estimate and reduce the effect of disturbance a kernel is employed to density estimation

procedure that assigns smaller weights to the points that are further from the object

center. The target representation is turned into,

q̂u = C
n∑

i=1

k(‖ x∗i ‖
2)δ[b(x∗i )− u], (5.3)

where x∗i is the normalized pixel locations with the corresponding bin index b(x∗i ),n is

total number pixels in the region of interest, k(x) is the kernel profile that assigns the

weights, δ is the Kronecker delta function and C is the normalization constant that

assures the condition 5.1 so,

C =
1∑n

i=1 k(‖ x∗i ‖
2)
. (5.4)

Similarly the target candidate representation is modified to,

p̂u(y) = Ch

nh∑
i=1

k(‖ y − xi

h
‖

2

)δ[b(x∗i )− u], (5.5)

where

Ch =
1∑nh

i=1 k(‖ y−xi

h
‖2)

. (5.6)

Remember that y is the location of candidate target center,nh is the total number

pixels in the region of interest and Ch is the constant that assures condition 5.2.
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5.2. Object Similarity Metric

In all object tracking tasks a metric is defined to measure the similarity between

target object and target candidate. The distance used in Mean-Shift is,

d(y) =
√

1− ρ[p̂(y), q̂], (5.7)

where

ρ[p̂u(y), q̂] =
m∑

u=1

√
p̂u(y), q̂u, (5.8)

which is known as Bhattacharyya coefficient. Equation 5.8 can intuitively be inter-

preted as a good similarity metric that similar pdfs will result in higher ρ[p̂u(y), q̂] and

lower d(y).

5.3. Object Localization

The distance function d(y) inherits the kernels characteristics that was embedded

in the density estimations 5.3 and 5.5, so the function is differentiable and gradient-

based optimization can be used to find a maximum. The idea is following the gradient

the iterations will lead the tracker to the point to which maximum similarity is achieved

between target and target candidate.

Taking the Taylor expansion of 5.8 it becomes,

ρ[p̂u(y), q̂] ≈ 1

2

m∑
u=1

√
p̂u(ŷ0)q̂u +

1

2

m∑
u=1

p̂u(y)

√
q̂u

p̂u(ŷ0)
(5.9)

recalling 5.5,

ρ[p̂u(y), q̂] ≈ 1

2

m∑
u=1

√
p̂u(ŷ0)q̂u +

Ch

2

nh∑
i=1

wik(‖ y − xi

h
‖

2

), (5.10)
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where

wi =
m∑

u=1

√
q̂u

p̂u(ŷ0)
δ[b(xi)− u]. (5.11)

The first being independent of y, only the second term in 5.10 is to be maximized.

Employing Mean-Shift procedure [48] the new location of the candidate is,

ŷ1 =

∑nh
i=1 xiwig(‖ y−xi

h
‖2)∑nh

i=1 xig(‖ y−xi

h
‖2)

(5.12)

where g(x) = −k′(x).

5.4. Application to Hand Tracking

Like original paper [21] kernel with Epanechnikov profile [43]

k(x) =


1
2
c−1
d (d+ 2)(1− x) if x ≤ 1

0 otherwise
(5.13)

was used. d is the number of dimensions and cd is the volume of unit d-dimensional

sphere. Because the derivative of k(x) is constant and equation 5.12 reduces to

ŷ1 =

∑nh
i=1 xiwi∑nh

i=1 xi

(5.14)

RGB color space was chosen to represent the color feature of the hand and a

16x16x16 histogram was employed to estimate the color pdf of hand. The Sentence

scene, which is a deaf language video, is used for the tracking experiment. The hand

was localized initially and it’s movement was tracked through out the course of action.

The Mean-Shift tracker was highly robust to dynamic texture and orientation of

the hand, because skin color is a unique identity that discriminates the hand from other

regions. Also color feature by nature is invariant to scale and orientation. However the
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Figure 5.1. Meanshift tracking example. The above figure shows the hand tracking

results from frames 21, 32, 38, 39, 41 and 43. Meanshift tracker can not overcome

hand and face overlap because face is a bigger attraction field having more skin pixels.
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Figure 5.2. Meanshift tracking accuracy. Because meanshift drifts away from face the

tracking error increases to high numbers.
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color feature does not supply discrimination between hand and face, since they have

same color characteristics. Also similar colored background objects are still problem

for tracker. Therefore there is a need of extra information to distinguish the hand

from face and background. This additional information may be supervised telling the

location and boundaries of the face externally or it may be another feature, like texture,

that can contribute to the characterization of hand.

The next chapter analyzes the improvement of Mean-Shift tracking utilizing a

texture feature together with color for object representation.
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6. IMPROVEMENTS ON MEAN-SHIFT

6.1. Introduction

The color feature is not discriminative enough to track the hand robustly and

without constraining the user or environment. The skin-like colored objects or other

skin regions like arm and face fail the tracker because they have the same color prop-

erties. The difference between these regions and the hand may be explained by taking

into account the texture of hand. The texture supply a spatial relationship of the pixels

so the objects that have similar color representations may be distinguished with tex-

ture information. Here we implement the texture representation using LBP operators

[49] and develop a more robust tracking scheme by integrating texture representation

to color.

The LBP operator characterizes the local variation in gray scale around a pixel,

and is invariant to any monotonic transformation of the grey-scale. It follows that

the LBP value calculated at each pixel in each color channel will be unchanged by a

positive scaling of the channel output. This is a very useful property, since a change

in illumination color generally results in an independent scaling of each color channel,

thus the LBP value in each color channel is approximately illumination independent.

6.2. Simplest LBP

Simplest Local Binary Pattern operators characterize the pattern around each

pixel in an image. To understand the concept of LBP consider a grey-scale image

whose intensity I at pixel location (x, y) can be written I(x, y). For a given pixel

p = I(x0, y0), the 8 neighbors of p can be written as ni, i = 0 . . . , 7, where n0 =

I(x0 +1, y0),n1 = I(x0 +1, y0 +1), ..., n7 = I(x0 +1, y0−1). To compute an LBP value,

the grey-level value of each neighbor ni is compared to the value at the central pixel

p to determine whether it is greater than or less than p. This amounts to a function
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Figure 6.1. Calculation of Simple LBP code [50].

which maps each ni onto a value bi as follows:

bi =

 1 if ni > p

0 otherwise
(6.1)

The LBP code of a pixel (x0, y0) is derived by choosing an arbitrary starting point

and concatenating the 8 binary values bi into an 8-bit number following the formula,

LBP (x0, y0) =
7∑

i=0

bi2
i. (6.2)

As a result, the local gray level distribution is approximately described with a unique

LBP code.

The LBP code of a local texture is able to represent the unique pattern by itself,

one step further, higher level textures can be characterized by collecting the statistics

of LBP codes in a 28 bin histogram. This histogram shows the ingredients of the

high level textures by means of low level ones which supply an adequate feature for

discrimination.
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= 7

Figure 6.2. Illustration of ROR operator. The 8-bit number is rotated 7 times and its

minimum is attained as the label of that pattern family.

6.3. Rotation Invariant LBP

The texture can rotate due to its nature of motion or with respect to some

translation. Under such circumstances, the gray values around the center pixel ro-

tates accordingly, resulting in another LBP code [50]. The situation can be recovered

gathering all rotated versions of the same pattern under single label. The formula,

LBP ri = min{ROR(LBP, i) | i = 0, 1, . . . , 7} (6.3)

performs a circular bitwise right-shift on the 8-bit number LBP 7 times and records

the minimum description number, which is assigned as the label of rotated patterns

family.

The rotation invariance transform has two major advantages. First, it captures

the structure of texture better, since the immunity to orientation of the texture is

enhanced. Second, reduction in the number of histogram bins provides less sparse thus

more reliable approximations o the distribution.

Not all of the patterns have the same importance in describing the texture. Some
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Figure 6.3. Unique rotation invariant LBP patterns for 8 neighbor [51]. The black

and white circles correspond to the bit values of 0 and 1. The first row shows the nine

uniform patterns which occupy the 90% of textures.

certain patterns hold more significance than others. Proving the observation of [51], it

is observed in our work that certain patterns occupy vast majority, above 90% of the

texture. Those fundamental patterns have interestingly one thing in common which

is having at most two one-to-zero or zero-to-one transitions. In other words, they are

formed of either a flat surface or one hill and valley combination. Maenpaa et. al. [51]

defines such patterns as ”uniform” patterns based on this simple structuring property.

The description power of LBP can be improved by employing the information

in hand. The statistical property of ”uniform” patterns makes them superior dis-

criminators for texture analysis. One may prefer to use only ”uniform” patterns in

representation of the texture, alternatively one may benefit from both ”uniform” and

”nonuniform” patterns collecting all of ”nonuniform” patterns under same label. In

case of 8 bit representation, 36 rotation invariant patterns will occur where 9 of which is

”uniform” and 27 of which is ”nonuniform”. Taking all ”nonuniform” patterns identi-

cally the texture can be defined by a 9 + 1 = 10 bin histogram. In short, ”nonuniform”

patterns statistics reveal that their portion in the texture is so small that they can

not be estimated reliably, thus ”uniform” patterns are the fundamental structures that

advance the dissimilarity texture analysis.
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6.4. Application to Hand Tracking

In order to represent hand the joint probability of rotation invariant LBP and

hue is used. After locating the hand the detected frame was used to obtain a target

model that will be tracked through out the course of action. Basically the hand region

is cropped and converted to HSV colorspace. Hue component is quantized with 4 and

rotation invariant code of every pixel computed. Afterwards a 2D histogram is con-

structed with size 256/4(Hue)x10(LBP ). This histogram served as the representation

of target hand.

In the following frames the hue and LBP code of every pixel is extracted and

the handness probability is backprojected using the model histogram. The meanshift

algorithm is carried out on this probability space to locate the position of the hand.

Experimental results show that the technique can deal with skin colored regions

like arm and background. Also it is not disturbed from the hand-face overlap.
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Figure 6.4. Texture integrated meanshift tracking example. The above figure shows

the hand tracking results from frames 21, 32, 38, 39, 41 and 43. Integrating texture

information brings better discrimination.
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Figure 6.5. LBP based meanshift tracking accuracy. The proposed tracker results in

very small error in a 480x640 image.
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7. CONCLUSIONS

In this thesis a hand detection and tracking mechanism was analyzed in detail.

For the detection task skin color was used and histogram based skin classification

algorithm was compared with two other nonparametric techniques; kernel densities

and Voronoi tessellations. Histograms with h = 8 h = 16 performed well, however they

needed high number of training instances. Voronoi was a good alternative to histograms

in that sense. Because voronoi scheme grows iteratively to reduce the estimation error,

and allocate sources to critical regions. The kernel based densities brought the most

consistent density estimation with the help of Scott’s [43] bandwidth selection rule. The

Scott’s rule balanced the generality and locality of a instance to obtain best estimate.

Supervised Voronoi tessellation scheme, like unsupervised version was designed to grow

iteratively. However it reduced classification error instead of density estimation error.

That is why supervised tessellation was like a tailor-made classification tool for the

problem.

The colorspace transformations did not change the results significantly. CIELab,

CIExyz and normalized RGB brought lower performance rates with respect to others.

The colorspace transformations were not successful to separate the illumination chan-

nel from chrominance channels. Feature fusion improved this separation and reduced

the influence of illumination. The weighted sum of color features resulted in a more

compact skin distribution. The algorithm also integrated the spatial information by

examining the local variance.

LBP representation of hand together with color information brought robust track-

ing of hand free from distortion of background and other skin colored regions. The

face-hand overlap, the arm or the skin-like regions that are present in the background

is not a problem for proposed tracker. Remember that the tracker does not assume

any model to achieve tracking.
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The further work may be to integrate a Kalman tracker to increase the tracking

accuracy and also prevent the tracker from possible drifts. This will also decrease the

number of overall meanshift iterations and increase the real-time performance.
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APPENDIX A: INCREMENTAL TESSELLATION

A.1. Unsupervised Voronoi Tessellations

The most important step in using Voronoi Tessellations is to identify the sample

data points xi which are the centers, or representatives of xi. A well-known technique

is the Generalized Lloyd Algorithm [52] which works on any arbitrary distribution.

This technique initializes given number of centers randomly and iteratively updates

their position following an Expectation Maximization procedure. However, there is

not any optimum tessellation number for a distribution that will give the best density

estimation. Thus conducting the tessellation incrementally is a better idea for practical

applications.

Starting with single xk center, the idea is splitting the center which results in

highest error on every iteration. The iterations will continue until the error rate drops

under a predefined threshold. It is also possible to stop the iterations when a maximum

number of centers is achieved. Either case the resultant solution will be near optimal,

because incremental GLA will concentrate on most erroneous regions and will allocate

the majority of the sources, that are xk’s, on critical regions. The error in our case is

defined as quantization error, the average squared Euclidean distance, which is

dk =
1

N

N∑
i=1

|xik − xk|2ri
k (A.1)

where dk is the average distortion of tessellation center xk, Nk is the total number of

instances that belong to center xk, N is total number of instances in all tessellations

and xik is the instances that belong to the tessellation center xk. The split methodology

is designed accordingly to minimize the cluster quantization error, that is, the cluster

is divided into two with the plane which minimizes the covariance of the cluster most.
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Figure A.1. Voronoi based classification. The data is associated with nearest centers

in both tessellation maps. The probability estimate is calculated as if those clusters

are histogram bins. The ratio of instances in that cluster with respect to total

number of instances from same class gives the conditional probability of input data.
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A.2. Supervised Voronoi Tessellations

The incremental voronoi tessellation scheme does not use the class information

of data. It blindly quantize the input data to xk centers to decrease the quantization

rate. The decrease in the quantization rate means a better density estimate. However

since the final goal is to increase the separation of classes, voronoi tessellation may be

trained in this fashion. Thus a voronoi tessellation is structured using the classification

error as the split criterion. This strategy constructs a single voronoi map where all

skin and nonskin pixels lay together, and the center which has the highest classification

error rate is split on every iteration. As the split methodology the linear discriminant

analysis(LDA) is employed because LDA gives the best separating plane for two class

discrimination problems.

The classification may be achieved two ways. Remember that every center in the

final tessellation may include instances from both classes. That’s why every center may

be associated with label of the class that is majority, so a test data is first associated

with the nearest tessellation center xk and simply clustered with the label of xk. The

second option is to use this tessellation map again as a density estimate and calculating

the class probabilities,

p̂j(x|xi) =
1

Nj

N∑
i=1

ri
kj

(A.2)

where p̂j(x|xi) is the probability that x belongs the class j, and Nj is the total number

of instances in all tessellations that belong to class j where N is the number of all

instances. ri
kj

is 1 if the instance belongs to tessellation center xk and class j.

Calculating the probabilities instead of class labels allows to trade-off true detec-

tion and false detection ratios using the equation (2.4) and obtain the ROC curves.
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Figure A.2. Supervised Voronoi based classification. The data is associated with

nearest centers in the tessellation map. It is whether classified as the class where

majority of the instances come or class conditional probabilities are computed to

trade off true detection and false detection ratios. The above figure illustrates the

calculation of class conditional probabilities.
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