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ABSTRACT 

Vi r t ual  Hand Model  and Mot i on  Det ect i on  Algor i t hm  as a Par t  of  
NASA Vi r t ual  GloveBox (VGX) HCI  Syst em  

 
by 

Oksana Kubushyna 

Dr. E. A. Yfant is, Examinat ion Commit tee Chair  
Professor  of Computer  Science 

University of Nevada, Las Vegas 
 

The research presented in th is thesis deals with creat ing an 

accurate and robust  representat ion of a human hand in  3D vir tual 

environment as a par t  of innovat ive unobtrusive human-computer 

in teract ion (HCI) system. The proposed vir tual hand model preserves the 

natu ral k inemat ics and all degrees of freedom, allows real-t ime 

interact ive updates for  the posit ion of the hand and the fingers, and is 

opt imized for  t ransmit t ing data over  the network . In addit ion, a novel fast  

and robust  stochast ic mot ion detect ion algor ithm based on Mahalanobis 

distance is presented as a first  step in the HCI system for  hand posit ion 

reconstruct ion. The algor ithm allows separat ing a moving object  from 

background in a video stream, thus reducing the area of in terest  for  

featu re extract ion and, therefore, improving overall processing t ime.  
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CHAPTER 1 

 

INTRODUCTION 

1.1 Research Goals 

Research presented in th is thesis has been conducted as a par t  of 

a NASA Vir tual GloveBoX (VGX) Project  suppor ted by NASA Space 

Grant / EPSCoR: “Development of a Nat ionally Compet it ive Program in 

Computer  Vision Technologies for  Effect ive Human-Computer  Interact ion 

in Vir tual Environments."  The au thor  of th is thesis has been a par t  of 

the research team created with in the limits of VGX Project  at  the 

Computer  Graphics and Image Processing Laboratory (CGIPL) at  

University of Nevada in Las Vegas (UNLV) under  the supervision of Dr . 

E.A. Yfant is, PhD. The research has generated a number of publicat ions 

[42], [41], [31], [30], [34]. 

The overall goal of the VGX Project  is to create a t rain ing facil ity for 

astronau ts who will be using the Life Sciences Glovebox Facil ity (LSG) 

onboard the Internat ional Space Stat ion. The main goal of the research 

presented in th is paper  was to provide two vitally important tools for  the 

VGX Project , namely, the Vir tual Hand Model (VHM) [41], and a fast, 

robust  and computat ionally inexpensive mot ion detect ion algor ithm [42],
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and to show how to embed them into the Vir tual GloveBoX system. 

Chapter  1 of th is thesis in t roduces the research goals of the 

project , as well as defines such important  concepts as Human-Computer  

Interact ion (HCI) and Vir tual Reality. 

Chapter  2 descr ibes the proposed VHM, a system that , given a 

posit ion of fingers at  any t ime, can reproduce a hand in a vir tual 3D 

space with fingers accordingly posit ioned, in  such a way that  it  looks 

sensible. Due to a lack  of established algor ithms and implemented 

realist ic systems concerning VHM, the goal was to design and implement 

a novelty VHM system from scratch, u t i l izing latest  developments in 

computer  graphics.  Chapter  2 shows how the proposed VHM achieves 

the goal of represent ing human hand shape, look  (sk in texture and color , 

nails etc.) and mot ion realist ically.  

Chapter  3 presents the proposed mot ion detect ion algor ithm, 

which is another  focus of th is research. A good mot ion detect ion 

algor ithm is typically the first  step in any computer  vision system, and 

its quality usually defines the success or  failu re of such system in 

serving its pu rpose. Mot ion detect ion is a well-researched area of 

computer  graphics with many established techniques. Nonetheless, after  

reviewing and analyzing exist ing algor ithms, the research team came to 

the conclusion that  most  of these algor ithms are either  too complicated, 

both conceptually and in implementat ion, for  the assigned task , or  too 

slow and computat ionally expensive.  Therefore, it  was decided to design 
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and implement a new mot ion detect ion algor ithm that  wou ld be best  

su ited for  the project . The requ irements for  such an algor ithm were 

defined as follows. First , it  had to be very fast  for  it  is just  one small, 

though important , step of a much bigger  and computat ionally expensive 

computer  vision system. The aim was that  under  any circumstances it  

shou ld not  become a bot t leneck  for  the system. Second, it  had to be very 

efficient  in  its task ; namely, it  had to be able to separate mot ion from 

background with h igh precision and be as insensit ive to noise as 

possible. Chapter  3 shows how the presented mot ion detect ion algor ithm 

accomplishes th is goal. 

Chapter  4 explains in detail the scope of VGX project , its goals and 

purpose and presents an overview of its cu rrent  software and hardware 

implementat ion. It  shows how both VHM and mot ion detect ion algor ithm 

fit  in to the system.  

Finally, Chapter  5 summar izes the accomplishments and provides 

a direct ion for  fu tu re research and improvements. 

 

1.2 Human-Computer  Interact ion 

Human-Computer  Interact ion (HCI) is a relat ively new rapidly 

changing field of computer  science. Due to unprecedented development 

of technology, evolving rapidly in to small, fast , powerfu l, por table, 

omnipresent machines, computers demand new, more intu it ive, more 
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natu ral and convenient  for  the consumer ways of communicat ing with 

the user . 

Since HCI is a new field and it  covers a very broad spectrum of 

topics ranging from basic in teract ion such as WYSIWYG direct 

manipu lat ion of graphical objects to sophist icated systems of vir tual 

reality and "augmented reality" [7], it  is very difficu lt  to give a precise 

defin it ion of the field. A broad all-including defin it ion is given in [16]: 

Human-computer interaction is a discipline concerned w ith the 

design, evaluation and implementation of interactive computing systems 

for human use and w ith the study of major phenomena surrounding them. 

 

1.3 Vir tual Reality 

Vir tual reality is an environment created using computer  hardware 

and software and implemented in such a way that , even though ar t ificial, 

it  appears and feels real to the user . This environment involves direct  

user  in teract ion. The user  has to “cu t  off” the su rrounding wor ld by 

wear ing a set  of special devices that  includes gloves, earphones and 

goggles. Wear ing these devices overr ides and controls at  least  three of 

five senses by receiving the sensory input  from the computer and feeding 

th is sensory inpu t  to the user . In addit ion, these devices monitor  and 

respond to user ’s act ions; for  example, the new video inpu t  is generated 

and sent  according to user ’s eye movement detected and t racked by the 

goggles. 
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The vir tual environment systems can be very usefu l in  creat ing 

simu lat ions for  more sophist icated real-l ife systems or  allowing 

interact ion with prototypes that  might  not  even yet  be implemented in 

real l ife, and provide t rain ing in close-to-reality set t ing. In addit ion, 

vir tual environments can be used to represent and allow operat ing with 

data that  the human eye cannot see, such as heat , magnet ism, gravity. 

Scient ific and data visualizat ion systems use vir tual reality to reveal and 

study th is data. Another  applicat ion of VR is augmented reality. This 

concept represents a point  where vir tual and real wor lds meet. In 

augmented reality system, an electronic “vir tual” image is projected over 

the real wor ld, allowing the user  to in teract  with vir tual objects as if they 

were real, and at the same t ime allowing the vir tual objects to in teract 

with real objects in  a realist ic manner. 

There are numerous applicat ions for  vir tual reality. A few years ago 

vir tual reality was extensively used mainly for  military simu lat ions and 

games, and in medicine as an alternat ive exper imental t reatment for  

phobias [3]. Nonetheless, there has been an increase of the fields of 

applicat ions of vir tual reality systems in the past  few years. VR 

technologies are widely applied in many areas of l ife including cosmology, 

mater ial science, molecu lar  biosciences, relat ivity, weather  forecast ing, 

manufactu r ing and industr ial design, educat ion, t rain ing, l ife-long 

learning, environmental monitor ing, medicine, teleoperat ion of remote 

equ ipment (physically distant  or  dangerous), and enter tainment. 
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Current ly, the vir tual reality systems requ ire extremely expensive 

hardware and software that  are not  available to public. There are many 

hardware devices customized for  a specific, often exper imental, VR 

system. Some examples of these devices are: data-gloves, wands, head-

mounted displays (HMD), Binocu lar  Omni Or ientat ion Monitor  (BOOM) 

and VIVED – Vir tual Visual Environment Display. 
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CHAPTER 2 

 

VIRTUAL HAND MODEL VHM 

2.1 Overview 

The human hand is a very popu lar  ar t icu lated object , the modeling 

of which has been a challenge for  extended per iod t ime. Even though it  is 

a well-studied object , especially from the medical point  of view, it  is a 

complex task  to recreate the hand with all the joints and all the 

constraints correct ly. Few at tempts have been made to recreate the 

dynamics of a human hand while preserving all inherent  degrees of 

freedom ([2], [20], [24], [57] and [60]); nonetheless, researchers had 

difficu lt ies in creat ing a precise anatomy-based human hand model.  

A widely adopted technique for  modeling ar t icu lated objects is a 

layered approach [19]. In th is approach, any object  is modeled as a set  of 

layers represent ing skeletal, muscu lar , under lying t issues and sk in. 

Addit ional layers may include hair , cloth etc. Even though all layers are 

equally important , some of them have only a symbolic representat ion in 

the actual model of the object . Typically, any ar t icu lated object  is set  up 

by bu ilding a model represent ing the geometr ic sk in of the object  in  some 

pose. Then, in  order  to control the movement of the geometr ic model,
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an under lying skeletal st ructu re is constructed compr ised of l inked 

joints.  After  both layers are created, a sk inning algor ithm is then applied 

to deform the sk in so that  it  convincingly imitates real sk in mot ion. 

 Geometr ic representat ion of sk in involves a set  of points arranged 

in such a so as to represent a shape of human hand. Then, these points 

are rendered as polygons with applied textu re and color  [46].  

A skeleton, which is a special control st ructu re, is then 

constructed. The main purpose of the skeleton is to represent movement 

of the ar t icu lated object  realist ically. Two approaches have been 

established for  modeling hand dynamics – joint-control based and 

muscle-control based. The first  approach at tempts to model the hand 

mot ion by acknowledging the degrees of freedom of each joint  and 

modeling the joint  mot ion accordingly ([24], [57]). The second approach 

at tempts to simu late the effects of the tendons and muscles that  affect  

movement of the body [43].  

For  example, in  [60], muscles are modeled as a vir tual spr ing for  

each degree of freedom of the related joint , and the natu ral constraints 

are controlled by an energy funct ion, whose parameters are chosen 

based on invest igat ing the mot ion of a real hand. 

The sk inning algor ithm is responsible for  deforming the geometr ic 

sk in model according to the mot ion of the under lying skeleton. This is 

accomplished using Free-Form Deformat ions (FFD), or iginally in t roduced 

in [56] as a technique to deform arbit rary objects by warping a volume of 
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space which contained the given object .  The volume of space is 

represented as a structu re connect ing a set  of control points. The space 

then can be deformed by direct ly manipu lat ing the control points. 

Therefore, an embedded object  can be deformed by mapping its control 

points (which are also chosen to be control points of the volume of space) 

to corresponding points in  the deformed volume ([33], [47], [28]). 

 

2.2 Human Hand Anatomy 

The human hand is a system of bones in ter linked at  the joints. The 

joints are passive elements of th is system that , apar t  from connect ivity, 

also provide mobility and stabil ity, bu t  they do not  produce any forces. 

The act ive par ts of the system are the muscles that  produce force by 

voluntary contract ions.  For  modeling the human hand, it  can be 

assumed that  muscles are the only elements that  can produce forces 

essent ial to the system, and that  these forces are eccentr ic (abou t the 

joint  axes).   

As it  can be seen from Figure 1 depict ing human hand anatomy, the 

palm is composed of fou r  long bones called metacarpals. Metacarpals for  

the index and middle fingers are fixed, whereas those for  the pinky and 

r ing fingers can move through a very l imited range.  Each finger  is 

composed of three bones: proximal, medial and distal phalanges. These 

bones ar t icu late with each other  using joints. A joint  connect ing the 

distal phalange and the metacarpal is termed a Metacarpal Phalangeal 
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Joint (MCP).  The next  joint , connect ing the proximal and the medial 

phalanges is named the Proximal Interphalangeal Joint (PIP), and the 

joint  connect ing the medial and the distal phalanges is labeled the Distal 

Interphalangeal Joint (DIP). Note that  a thumb has a slight ly different  

st ructu re then the rest  of the fingers.  It  does not  have a medial (middle) 

phalanx, and its MCP joint  is a hinge joint , whereas MCP joints of the 

rest  of the fingers are ellipsoidal joints. The joint  classificat ion is 

presented below.  

 

 

Figu re 1: Human Hand Anatomy  

 

Overall, the types of joints found in human body can be classified 

as simple, compound, and complex joints. This classificat ion is based on 

differences in the amount, type, shape and size of ar t icu lated su r faces of 
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the joints. A simple joint  is a joint with two ar t icu lated su r faces, whereas 

a joint  with more than two ar t icu lated su r faces is termed a compound 

joint . If a disc or  fibro-car t i lage is present in  a presence of three or  more 

ar t icu lated su r faces, the joint  is classified as a complex joint .  

Fur thermore, joints are divided into groups based on their  range and 

type of mot ion.  The types of mot ion present in  the hand are f lexion and 

extension (movement of fingers towards and away from the palm 

respect ively), and abduction and adduction (movement of the fingers away 

from and towards the plane that  divides the hand between the middle 

and r ing fingers).  

For  the plane or  gliding joint , the mot ion is non-axial, which means 

that  the movement at  th is joint  does not  occur  abou t its axis. This type of 

joint  is best  descr ibed as two flat  su r faces sliding over  each other  to allow 

movement.  

The hinge (Ginglymus) joint  is a uniaxial joint  that  allows 

movement (flexion and extension) in  one plane only. All In terphalangeal 

joints are of th is type. In addit ion, the MCP of the thumb is also of th is 

type. This joint  has one degree of freedom. 

 The ellipsoidal joint  is a biaxial joint  that  allows movement 

(flexion, extension, abduct ion, and adduct ion) in  two planes. MCP joints 

(excluding the MCP of the thumb) are of th is type. This joint  has two 

degrees of freedom. 
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The saddle joint  allows two planes of mot ion (flexion, extension, 

abduct ion, and adduct ion) with a small amount of rotat ion also allowed. 

It  is similar  to the ell ipsoidal joint  in  funct ion, and is only found at  the 

carpometacarpal (CMC) ar t icu lat ion of the thumb.  This joint  has three 

degrees of freedom. 

In total, the hand model has 26 degrees-of-freedom. The degrees of 

freedom that  have to be modeled can be reduced to at  least  24 by 

applying specific constraints, as shown in [26].  However, it  is difficu lt  to 

formu late precise dependencies and constraints in  the human hand 

because they vary from person to person. In addit ion, extra pressure 

applied to a finger  to increase its range of mot ion beyond normal l imits 

can violate these constraints [40], [8], [12].  

 

2.3 Model descr ipt ion 

The proposed model consists of two par ts, a skeleton and a mesh.  A 

skeleton is a set  of connected bones where each bone can be rotated 

individually according to the degrees of freedom assigned to it . This set  of 

bones has a h ierarchical st ructu re, where each bone has a parent  bone 

and a child bone.   

In  th is research, it  was chosen to represent only phalanges of the 

hand, and ignore carpals and metacarpals due to their  l imited mot ion 

range. Therefore, the only joints modeled are DIP, PIP, MCP and, for  

thumb, IP, MCP and CMC. 
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A basic skeleton is shown in Figure 2. In fact , from now on we will 

define a skeleton as an independent set  of connected bones (chain) that  

have only parent-child relat ionship. From th is defin it ion and Figure 2 it  

follows that  we have four  skeletons [S0…S4], one for  each finger , and they 

star t  from one point . We also consider  only three bones (phalanges) in  

each skeleton (B0, B1, and B2): 

},,{: 210 iiiii BBBSS =" . 

The proposed skeleton corresponds to the real bone system of the 

human hand. 

 

 

Figu re 2: Proposed Skeleton of 3D Hand  

 

The mesh that  was used for  th is model is a set  of polygons that  

represent the geometry of the human hand realist ically. Using var ious 

computer  graphics techniques, these polygons are rendered as solid 

su r faces with applied textu re and color  that  is similar  to those of real 
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human sk in. Together , geometry, textu re and light ing create a realist ic 

effect .  A mesh can be obtained in many ways, the most sophist icated of 

which is 3D scanning of a real human hand and t ranslat ing the received 

image into machine-readable format. We used the mesh shown in Figure 

3 to model a realist ic hand. 

After  we have defined these two ent it ies, we bind them together  to 

bu ild an interact ive realist ic hand model. 

 

 

Figu re 3: Mesh drawn as a set  of polygons and as a set  of l ines. 

 

2.3.1 Skeleton 

As it  was discussed before, a skeleton is defined as an independent 

set  of connected bones (chain) that  have only parent-child relat ionship. 

This bone system is defined as follows. 
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2.3.1.1 Bone System Descr ipt ion 

Each bone is created with in its own local coordinate system. In 

addit ion to its direct ion, each bone must  “know” its parent  and its child, 

the bones it  is connected to. The bone connected to the t ip is considered 

a “child”, and the bone connected to the base is considered a “parent” of 

the bone. The child is always dependent on its parent  in  the sense that  

the child's local coordinate system is constructed according to the 

parent ’s direct ion. For  example, consider  a bone chain B0 … BN where B0 

is the root  (first  parent) and BN is the t ip (last  child). Then, each child BK 

is defined recursively as  

TrK = TrK-1 * TK * RK, 

where TK and RK are the t ranslat ion and rotat ion matr ices of bone  BK 

respect ively, and  TrK-1  is the accumulated t ransformat ion matr ix 

received from previous bones, and  

Tr0 = I, 

where I  is the ident ity matr ix. TK is used for  every bone BK to set  the 

center  of rotat ion to the base of th is bone. Matr ices TK and RK are called 

initial transformation matrices and they do not  change dur ing the 

execu t ion t ime. In addit ion, these t ransformat ions do not  affect  the 

mesh. The direct ion of the bone can be represented using direct ional 

cosines:  

zyxL qqq 222 coscoscos ++= , 
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LX x /coscos_ q= , 

LY y /coscos_ q= ,  

LZ z /coscos_ q= , 

where QX , QY  and QZ are in it ial rotat ion angles of the bone. 

2.3.1.2 Moving the Bone 

 Now that  the bone structu re is defined, it  is t ime to consider  how to 

move the bone. The formal language that  wil l descr ibe the movement of 

the bone is defined below. The funct ion that  is responsible for  the 

movement wil l accept the following as its arguments: 

·  The axis abou t which the rotat ion is to be per formed 

·  The angle j  by which the bone is to be rotated 

 The mot ion is descr ibed as a ser ies of rotat ions abou t local axes. 

Assume j X, j Y and j Z are the current rotations that  descr ibe the 

movement of the bone BK in  the B1 … BN chain. Then, the t ransformat ion 

matr ix of bone BK is calcu lated as follows:  

TrK = TrK-1 * TK * RK * R’K, 

where R’K is the current rotation of  BK: 

�
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�

�
�
�
�

�

�

++-
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+-+
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0

0
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R K , 

where c = cos j , s= sin j , and t = 1- cos j , and (x,y,z) is a unit  vector  on 

the axis of rotat ion.  
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2.3.1.3 Sett ing Constraints 

A realist ic hand model shou ld reflect the funct ionality of joints and 

muscles in a very object ive way. In the cu rrent ly descr ibed model, the 

bone can be rotated by any angle abou t  any local axis. This creates an 

enormous amount of states that  are impossible for  a real hand. 

Therefore, it  is necessary to impose some k ind of constraints on the bone 

mot ion.  

Figu re 4: a) Bones maximally extended b) Bones maximally constr icted 

 

This is achieved by set t ing the constraints on how much the bone can 

bend relat ive to the parent 's direct ion. For  th is purpose we define a set  of 

constraints (minAx, maxAx),  (minAy, maxAy
 
),  (minAz, maxAz

 
) such that  

�
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. 

These constraints help to eliminate many unrealist ic states of bone 

configu rat ions. 
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Figure 4 shows the two extreme states of the hand model: 

maximally extended (a) and maximally constr icted (b). In addit ion to the 

constraints, coll ision detect ion can be employed to avoid states where 

two bones intersect  or  come too close to each other . Bounding boxes can 

be used for  th is purpose. 

2.3.2 Mesh 

The mesh that  we use for  th is model is a set  of points that  

represents a human hand, or , rather , human sk in, realist ically. We used 

the mesh shown in Figure 3 to model a realist ic hand.  

A mesh is a set  of connected faces that  descr ibe an object  (hand). 

Each face is a collect ion of three or  more points connected together  by 

splines. For  a realist ic shading effect , the light  is calcu lated on the 

corners of a face and est imated for  each point  of a plane using ray-

t racing techniques. This creates a smooth shading effect  that  is very 

realist ic.  

 Once a left  hand mesh created, it  is easy to obtain a r ight hand 

mesh withou t  repeat ing all the work . A mir ror  operat ion abou t x-axis is 

per formed on the left  hand mesh. In addit ion, the normals are mir rored 

as well. Then, the direct ion in which the shading is calcu lated is reversed 

(CCW->CW).  

     The mesh ver t icies are divided into 15 subsets [F 0 ... F 14] that  can be 

moved independent ly. Usually these are the par ts that  correspond to the 

bones in a skeleton. Therefore, for  each skeleton SK that  represent a 
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finger  we have three independent meshes, and addit ionally we have one 

mesh subset for  the palm. Every two connected mesh segments F i and F j 

have  subsets (Wi  i j Î  F i) and  (Wj  i j Î  F j) of points that  have exact ly the 

same coordinates: 

Wi  i j =  Wj  i j. 

     These subsets represent the connect ion of two meshes. 

2.3.3 Binding Bones to the Mesh 

After  specifying the bone system and the mesh, the next  step is to 

bind them together  to create a realist ic hand model. This is done by 

assigning every bone  to the mesh segments that  are affected by th is 

bone.  Consider  the index finger  and assume skeleton S0 is assigned for 

that  finger . Essent ially S0 consists of three bones only, B00, B01 and B02. 

Let  us say mesh segments F i, F i+1 and F i+2 correspond to bones B00, B01 

and B02 respect ively. 

Then, whenever  a bone B0K in  S0 is rotated, every ver tex of the affected 

mesh  F i+K is rotated in exact ly the same manner: 

oKKKj TrTTr *)( 0-=+f . 

 Never theless, th is wou ld create holes in the mesh when a bone is rotated 

(Figure 5).  The subset  Wi+K i+K, i+K-1 will be rotated using Tr(F i+K) 

t ransformat ion matr ix and Wi+K-1 i+K, i+K-1 will be rotated using Tr(F i+K-1). 
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Figure 5: Mesh is bound to Bones – fau lty simple case. 

 

To avoid th is, a number of meshes rather than just  one is assigned to 

every bone (typicall ly 3 or  2 closest  meshes). Assume J k  is a set  of 

meshes assigned to bone Bm. For  each ver tex vq in  every mesh F h Î  J k   a 

weight  whqm of th is bone’s in fluence was specified.  If  B is a set  of all 

bones, the weight  is a float ing point  number such that  
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Then dur ing processing t ime every ver tex influenced by rotated 

bone is rotated according to the weight  of that  bone for  that  ver tex. 

Assuming bone BK is rotated, the new posit ion of ver tex vqÎ F hÎ J k   is 

calcu lated as follows: 

hq
KqqKKq wvvTrTv *])*[(' --= . 
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2.4 Resu lts 

The proposed Vir tual Hand Model (VHM) has been thoroughly 

tested in the context  of the Vir tual GloveBoX (VGX) System and proven 

reliable and realist ic. It  was able to recreate all posit ions and 

configu rat ions that  were inpu t  from 3D reconstruct ion and finger 

posit ion extract ion modu le of the VGX, even those that  violated 

constraints due to applied force. Since the proposed VHM was highly 

specialized for  the VGX project , it  is su fficient  to say that the research 

goals were accomplished. Compared to other  models, the proposed model 

is less str ict  on the constraints because it  assumes correct  inpu t  for 

finger  posit ions from other  modu les of VGX System. Nonetheless, it  does 

eliminate unrealist ic states effect ively by applying proposed constraints. 

One improvement planed for  the model is to apply FFD to the model to 

represent sk in deformat ions more realist ically. Nonetheless, the proposed 

model sat isfied the “realism” research goal to the very h igh degree. In 

shor t , all the research goals for  VHM were accomplished.  

 The VHM in work  can be seen on Figure 6, Figure 7 and Figure 8. 
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Figu re 6: VHM in different  posit ions 

 

 

Figu re 7: VHM in context  of HCI – simple gestu re 
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Figu re 8: VHM in context  of HCI – complex gestu re
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CHAPTER 3 

 

MOTION DETECTION ALGORITHM 

3.1 Previous Work  

Fast  mot ion detect ion is usually one of the first  and most 

important  steps in algor ithms employed in areas such as computer  

vision, su rveil lance, and secur ity.  In  addit ion, mot ion detect ion and 

mot ion understanding is a key element  of numerous HCI systems. For 

example, a gestu re recognit ion system needs to separate and interpret  

hand mot ion in a video sequence [17], [9]. Similar ly, a system that  uses 

au to-stereoscopic display method to provide users with realist ic 3D 

visualizat ion environment by project ing stereo video onto user ’s eyes 

needs to localize and understand human eye mot ion with h igh precision 

[10], [29]. 

Mot ion detect ion and object  t rack ing is an established well-

researched area. Numerous algor ithms have been developed and tested, 

and have proved reliable and well fit ted for  specific applicat ions.  Several 

major  approaches to mot ion detect ion are invest igated. 

All mot ion detect ion algor ithms generally fall in to two categor ies: 

Feature-Based or  Featureless methods. 
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For the most par t  featu reless algor ithms are var iat ions of Image or  

Optical f low techniques that  are based on the Opt ical Flow Constraint  

Equat ion (OFCE) [15], [23]. This approach was introduced more than 20 

years ago in [4] and now is widely used for  mot ion detect ion. In th is 

approach the focus is on spat io-temporal var iat ion of the signal, where a 

given pixel’s in tensity I is represented as a funct ion of t ime, as well as its 

posit ion in the image:  I(x, y, t).  Thus, a pixel at  a small distance from 

given pixel can be descr ibed as:   

 ( , , ) ( , , ) ...
I I I

I x dx y dy t dt I x y t dx dy dt
x y t

¶ ¶ ¶
+ + + = + + + +

¶ ¶ ¶
 , (0.1)  

where h igher  order  terms are omit ted.  Now, an assumpt ion that  the 

intensity of a pixel belonging to the same object  does not  change over  

t ime is made. In addit ion, it  is assumed that  the par t  of an object  at  

posit ion ( , )x y  at  t ime t  has moved by distance ( , )dx dy  by t ime dt . From 

th is we have ( , , ) ( , , )I x y t I x dx y dy t dt= + + +  which yields:                       

 0 ...
I I I

dx dy dt
x y t

¶ ¶ ¶
= + + +

¶ ¶ ¶
 . (0.2) 

After  dividing (0.2) by dt  and set t ing 
dx

u
dt

=  and 
dy

v
dt

=  (where u  and v  

represent the velocity of the object  in  corresponding direct ions) and 

having 0dt ® , we get : 

 
I I I

u v
t x y

¶ ¶ ¶
- = +

¶ ¶ ¶
, (0.3) 
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which is called the optical f low constraint equation(OFCE). Opt ical flow 

algor ithms focus on finding an efficient  and robust  solu t ion for  OFCE 

employing one of the two methods: (1) conver t ing the mot ion problem to 

a stereo problem and finding pixel cor respondences between image at  

t ime t  and dt ; and (2) comput ing opt ical flow and analyzing its 

geometr ical proper t ies to in fer  the 3D in format ion abou t the mot ion. The 

opt ical flow approach has a few disadvantages [18], [3]. First ly, it  

assumes no significant  change of in tensity in  an object  with t ime. 

Secondly, there is an ambigu ity known as the aperture problem: it  is 

impossible to determine the component of the opt ical flow at  r ight  angles 

to the direct ion of the image intensity gradient . Thirdly, opt ical flow 

algor ithms depend on the computat ionally expensive calcu lat ion of first  

and in some cases h igher  numer ical der ivat ives, which are notor iously 

sensit ive to noise. Four th ly, somet imes the opt ical flow does not  

correspond to the mot ion field. For  example, the mot ion field and opt ical 

flow of a rotat ing barber ’s pole are different , as i l lustrated in Figure 9. 

Feature-Based algor ithms usually employ some k ind of track ing 

system, meaning that  the t rajectory of the mot ion of the object  of in terest 

has been calcu lated up to the cu rrent  frame, and the task  is to update it  

using the featu res extracted from the cu rrent  frame. Featu re-based 

algor ithms generally fall in to one of the following two categor ies: search 

based or  extract and match based. The search based approach at tempts 

to find a new posit ion of the object by direct ly searching the cu rrent 
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frame for  the matching pat terns from previous frames (gradient-based 

algor ithm). Extract  and match algor ithms extract  new featu res from the 

cu rrent  frame and t ry to match them to the pr ior  t rajector ies (correlat ion-

based algor ithm). Search based algor ithms generally are more 

computat ionally expensive, bu t  more stable for  t rack ing over  long per iods 

of t ime. Var ious techniques are employed for  extract ing and t rack ing the 

featu res. The major  approaches include Neural Networks [50], [37], [21], 

[55], [6], [14] and act ive contours (snakes) [11], [59], [38], [49], where 

Act ive Snake is an energy-minimizing spline – a spline associated with 

energy-minimizing funct ion dependent on internal and external 

constraints [35].  

 

 

Figu re 9: The mot ion field and opt ical flow of a barber 's pole. 

 

 



 

 

28  

Most of the cu rrent  mot ion detect ion algor ithms are adapt ive.  

Adapt ive algor ithms can adjust  themselves for  scenery changes (learn). 

In other  words, an adapt ive algor ithm can be t rained to acknowledge 

slow changes, for  example, changes of l ight ing with t ime (morning light  

vs. evening light), which is very usefu l for  ou tdoor  mot ion detect ion 

applicat ions. 

The major ity of the advanced algor ithms usually combine both 

featu reless and featu re-based approaches to produce the best  resu lts 

possible.  

 

3.2 Mathemat ical Background 

The proposed algor ithm is based on the stat ist ical analysis of the 

video sequence and finding correlat ions between new frame and a 

reference frame. Therefore, it  is classified as a stochastic method.  

Overview of Statistical Terms and Concepts 
 
Population Variance � 2 for  a discrete distr ibu t ion with n  possible values 

of ix  is 

 2 2

1

( )( )
n

i i
i

P x xs m
=

= -� , (3.2.1) 

where m is a popu lat ion mean, and ( )iP x  denotes expectat ion value 

(probability) of ix . 

The sample variance 2
Ns  is defined by 
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 2 2

1

1
( )

N

N i
i

s x x
N =

º -� , (3.2.2) 

where x is the sample mean, and N is the sample size. 

To est imate a popu lat ion var iance 2
2m s=  from a sample of N elements 

with a pr iory unknown mean (i.e., the mean is est imated from the sample 

itself), we need an unbiased est imator  (a ru le that  defines how to 

calcu late an est imate based on the measurements contained in a sample) 

2m̂ . The following formu la makes the sample var iance 2
Ns  an unbiased 

est imator  for  the popu lat ion var iance [13] 

 2 2
1

1

1
( )

1

N

N i
i

s x x
N-

=

º -
- � . (3.2.3) 

Covariance cov( , )ij i jx xs º  of ix  and jx  from a set  of n var iants { } { }1 ,..., nX X  

is defined by  

 cov( , ) ( )( )i j i i j jx x x xm mº - -  (3.2.4) 

 i j i jx x mm= - . (3.2.5) 

In the special case i j= , covar iance gives the usual var iance 2cov( , )i i ix x s= . 

 The Covariance Matrix ( )i jV  is a matr ix compr ising of quant it ies 

cov( , )ij i jV x x= . 

 The standard deviation of a probability dist r ibu t ion is defined as a 

square root  of the var iance: 

 2

1

( )( )
n

i i
i

P x xs m
=

= -�  (3.2.6) 
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For two var iables x and y the correlat ion between these var iables is 

defined by  

 
cov( , )

( , )
x y

x y
cor x y

s s
º . (3.2.7) 

For  general case of var iables ix  and jx  ( , 1,2,... )i j n=   

 
cov( , )

( , ) i j
i j

ii jj

x x
cor x x

V V
º , (3.2.8) 

 
where i iV  and j jV  are corresponding elements of the covar iance matr ix. A 

correlat ion descr ibes the strength of the relat ionship between var iables, 

for  example, cov( , ) 1i ix x = .  

 

3.3 Algor ithm 

The proposed mot ion detect ion algor ithm employs stat ist ical analysis of 

the background informat ion and Mahalanobis distance to determine if a 

pixel shou ld be considered as mot ion or  not .  The algor ithm can be 

classified as stochastic background subtraction non-adaptive motion 

detection algorithm.  

The main  idea behind background subtract ion method is that  after  

assuming a cer tain frame in a sequence to be free of mot ion and 

accept ing it  as a “background”, the algor ithm compares each consequent 

frame to the background frame (frame of reference) and classifies a pixel 

as a foreground (mot ion) or  background (no mot ion) based on the 
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difference. Therefore, for  each pixel ( , )x yP  in  a new frame, it  is classified as 

mot ion pixel iff   

 ( )( , ) ( , )difference , thresholdB
x y x yP P > , (3.3.1) 

where ( , )
B
x yP is a background pixel at  posit ion ( , )x y . 

The first  step of the algor ithm is collect ing background 

informat ion. In the presented approach, the background informat ion is 

assumed available for  the first  N frames. This assumpt ion is just ified by 

the fact  that  the user  of HCI system cou ld be requ ired to wait  for  a 

cer tain amount of t ime after  the system is tu rned on before using it .   

The most common way of acqu ir ing a background reference frame 

is to calcu late the mean frame ou t  of N frames received. Therefore, from 

the first  N frames a stat ist ical background is bu ilt  by averaging each 

pixel: 

 
N

n
(i,j) ( , ) (i,j)

n 1

1
B P

Ni jm
=

= = � . (3.3.2) 

This approach gives a good est imate of the background informat ion and 

is computat ionally inexpensive.  The proposed algor ithm uses th is 

approach, bu t  enhances it  with addit ional in format ion to provide more 

details abou t the popu lat ion of the first  N frames assumed to be 

background. Specifically, the covar iance matr ix for  the N background 

frames is calcu lated. 



 

 

32  

The most commonly used measure of distance between two 

observat ions 0( ,..., )nx x  and 0( ,..., )ny y  on two var iables X and Y is the 

Euclidean distance: 

 2 2
0 0( , ) ( ) ... ( )n nd X Y x y x y= - + + - . (3.3.3) 

 In th is case, the distance to be found is the distance between the 

background and a new frame received from the captu r ing device. Of 

course, Euclidian distance can give good resu lts, bu t 

var iance/ covar iance does have an effect  on Euclidian distance. The main  

idea of the proposed algor ithm is to use a different  type of distance 

measure – Mahalanobis distance. The actual mathemat ics of 

Mahalanobis distance has been known for  qu ite some t ime [27], [48]. The 

or iginal reference to Mahalanobis distance calcu lat ion dates as far  back 

as 1936 [45]. 

Mahalanobis distance is typically used to determine “similar ity” 

between a set  of values from an unknown sample and a set  of values 

measured from a compilat ion of known samples. This concept is widely 

used in su rveil lance [39], ecological applicat ions [25], [44], pat ient 

monitor ing, medical diagnosis, software, manufactu r ing, weather 

forecast ing, au tomot ive coll ision prevent ion system, and fire detect ion. 

The concept  behind Mahalanobis distance can be explained using 

the following example. Assume that  50% of popu lat ion falls with in the 

hypothet ical ell ipsoid shown in Figure 10, and assume that  point  X 

represents the mean of the popu lat ion. Suppose points A and B need to 
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be classified as to whether  or  not  they belong to th is popu lat ion. If 

Euclidian distance is used, both points appear to be at  the same distance 

from the mean of the popu lat ion. 

Figure 10: Difference between Euclidian and Mahalanobis distances. 

 

This means that  Euclidian distance does not  take into 

considerat ion the “shape” of the popu lat ion dist r ibu t ion, so both points A 

and B have equal probability of being classified as a par t  of the 

popu lat ion (even though point  A clear ly behaves more like the popu lat ion 

than point  B). On the other  hand, Mahalanobis distance takes into 

account the sample var iabil ity, and therefore, point  A will be more likely 

classified as belonging to the popu lat ion than point  B. 

Presented below are the steps of the algor ithm. 
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1. For  the N frames of learning t ime (no mot ion – background frames), 

for  each pixel posit ion (i, j) we calcu late the mean value for  that  

posit ion. 

 
( , )

1
( , )

N
n
i j

n
i j

P

N
m ==

�
. (3.3.4) 

2. Calcu late covar iance matr ix for  the N background frames. We will 

calcu late the covar iance between R(red), G(green) and B(blue) color 

values. Note that  an unbiased sample var iance is used. 

 

2

2

2

cov
B BG BR

GB G GR

RB RG R

s s s

s s s

s s s

� �
� �

= � �
� �
� �

. (3.3.5) 

3.  In  the detect ion phase, for  each pixel P(i, j) calcu late the Mahalanobis 

Distance: 

 ( ) ( )T2 -1
( , ) ( , ) ( , ) ( , ) ( , )P Pi j i j i j i j i jD m m= - -cov . (3.3.6) 

This distance signifies how much the given pixel P(i, j) = RGB differs from 

the background. If the difference is significant  (i.e. greater  than a 

threshold specified by the user), P(i, j) is considered a par t  of the mot ion, 

and vice versa.  

 Figu re 11 on page 38 demonstrates the difference between 

commonly used Euclidian distance-based and the proposed algor ithm. 
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3.4 Time Complexity Analysis 

The algor ithm has two phases: background collect ion phase, and 

mot ion detect ion phase. We will analyze both independent ly. 

The first  phase, background collect ion, lasts for  only the 

predetermined number of frames 1L ³  (learning t ime). The user  can 

adjust  the learning t ime: the larger  the L  value, the bet ter the resu lts. 

The following tasks are per formed dur ing th is phase: 

·  A value for  each pixel is added to a bu ffer  each frame 

·  After  the sequence of frames has been captu red, the mean values 

and var iance-covar iance matr ix for  the background frame are 

calcu lated. 

The first  task  is noth ing more than a simple loop over the image 

bu ffer . Therefore, the complexity of the first  task  is 3 *L N , where N is the 

number of pixels in  the image, L is the learning t ime constant , and since 

there are 3 values per  each pixel, namely, red, green and blue 

components, the t ime is mu lt iplied by three. The second task  is 

per formed once at  the end of the stage; nonetheless, it  involves some 

computat ions. First , the mean values are computed for  the background, 

giving 3N . Second, the var iance-covar iance matr ix is computed. The 

following observat ion is usefu l: th is matr ix is symmetr ical, and therefore, 

it  is enough to compute only six values instead of n ine. Table 1 shows 

the pseudo-code that  descr ibes a method to calcu late th is matr ix. As it  

can be easily seen, inside the ou ter  loop there are only six addit ions. 
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Inside the inner  loop, there are six mu lt iplicat ions and six addit ions, and 

three subtract ions. Ou tside the loops, there is a constant  number of 

addit ion, subtract ion and mu lt iplicat ions (to calcu late S and inver t  the 

matr ix). Therefore, the total t ime complexity for  th is stage is *CL N  where 

C is the constant  number of operat ions for  th is phase. 

 

 
In it ialize S2 to 0; 
for (i=0; i<LEARNING_TIME; i++) 
{ 
     In it ialize S1 to 0; 
     for (j=0; j<N*3; j+=3) 
     { 
 B = sample [j]  - background [j]; 
 G = sample [j+1]- background [j+1]; 
 R = sample [j+2]- background [j+2];  
    
           S1[0]+= B*B; / / B S1[2]+= R*R; / / G S1[1]+= G*G; / / R 
 S1[3]+= B*G; / / BG S1[4]+= G*R; / / GR S1[5]+= B*R; / / BR 

} 
 
S2[0]+=S1[0];    S2[1]+=S1[1];    S2[2]+=S1[2];   
S2[3]+=S1[3];    S2[4]+=S1[4];    S2[5]+=S1[5]; 

 } 
 
       factor  = 1.0/ (LEARNING_TIME*(N / 3.0) – 1) / / non-biased 
 S[0] = (S2[0]*factor ); / / B 
 S[1] = (S2[1]*factor ); / / G 
 S[2] = (S2[2]*factor ); / / R 
 S[3] = (S2[3]*factor ); / / BG 
 S[4] = (S2[4]*factor ); / / GR  
 S[5] = (S2[5]*factor ); / / BR 
 Invert  cov matr ix obtained from S.  

Table 1: Mot ion Detect ion Algor ithm Pseudo Code - Covar iance Matr ix 

Calcu lat ion. 

 
 

The second phase, mot ion detect ion, is descr ibed in pseudo code in  

Table 2. As it  can be seen, there is only one loop, with constant  amount 
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of simple ar ithmet ic operat ions (3 subtract ions, 11 mu lt iplicat ions, 8 

addit ions, 1 compar ison). Therefore, the t ime complexity of th is phase is 

( )CNO  where C is a constant  equal to the number of these simple 

operat ions.  

 

 
  for (i=0; i<N*3; i+=3) 
  { 
  / / STEP 1 - calcu late Mahalanobis distance  
   x1 = i; x2 = i+1; x3 = i+2; 
   d1 = frame[x1] - background [x1]; 
   d2 = frame[x2] - background [x2]; 
   d3 = frame[x3] - background [x3]; 
    
   D =      d1*d1*cov [0] +  
                                             d2*d2*cov [4] + 
                                             d3*d3*cov [8] + 
                                             d1*d2*(cov [3]+ cov [1])+ 
    d1*d3*(cov [6]+ cov [2])+ 
    d3*d2*(cov [7]+ cov [5]); 
   / / STEP 2 - classify the pixel  
   i f (D>threshold) 
   { 
                                         Classify th is pixel as mot ion 
                                   } 
   Else 
                                  { 
                                         Classify th is pixel as background 
                                  } 
  } 
 

Table 2: Mot ion Detect ion Algor ithm Pseudo Code - Mot ion Detect ion 

Phase. 

 
To summar ize, we have 3 *L N  + 3N + *CL N  = ( )NO  t ime 

complexity for  the first  phase and ( )CNO = ( )NO  for  the second phase, 

which yields ( )NO  t ime complexity per  frame for  the proposed mot ion 

detect ion algor ithm. 
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3.5 Resu lts 

The proposed algor ithm was implemented, tested and proven fast  and 

reliable. Even though conceptually simple, th is algor ithm was very 

precise and gave low false-posit ive and false-negat ive pixel 

classificat ions. Due to its specialized natu re, the algor ithm is l imited to a 

stat ic background colored in a dist ingu ished color . Nonetheless, it  works 

fair ly well with a complex background as well. It  seems to handle poor 

l ight ing condit ions graciously and be somewhat insensit ive to slight 

l ight ing fluctuat ion.  

In conclusion, the proposed mot ion detect ion algor ithm proved to 

be fast  and robust , and, therefore, fu lfi l led requ ired research goals. The 

compar ison to Euclidian-based algor ithm is shown in Figure 11. 

 

 

Figu re 11: (a) Or iginal sequence (b) Resu lts for  Euclidian algor ithms  

(c) Resu lts for  Mahalanobis algor ithms 
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CHAPTER 4 

 

VHM AND MOTION DETECTION ALGORITHM AS A PART OF HCI 

SYSTEM 

4.1 Vir tual GloveBoX (VGX) System descr ipt ion 

As it  was ment ioned in the introduct ion, th is research has been 

conducted as par t  of a NASA Vir tual GloveBoX Project  suppor ted by 

NASA Space Grant / EPSCoR: “Development of a Nat ionally Compet it ive 

Program in Computer  Vision Technologies for  Effect ive Human-Computer  

Interact ion in Vir tual Environments."   

The Vir tual GloveBoX system is designed to be a t rain ing facil ity for  

astronau ts who will be using Life Sciences Glovebox Facil ity (LSG) 

onboard the Internat ional Space Stat ion. The main purpose of Life 

Sciences Glovebox Facil ity is to allow astronau ts to conduct  complex life 

science exper iments intended to answer long-standing quest ions relat ing 

to abil ity of l ive organisms to adjust  and react  to the space environment 

[58], [53].  These exper iments, including the manipu lat ion of scient ific 

instruments, per forming micro-dissect ions and collect ing t issue 

specimens, demand very intensive and detailed t rain ing and awareness 
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of scient ific object ives as well as extensive understanding of 

instrumentat ion and anatomy. The exper iments have to be 

conducted under  str ict  t ime constraints, and therefore, in  order  to obtain 

a h igh success rate on these exper iments, the astronau ts have to be 

h ighly proficient  in  these exper imental techniques. Nonetheless, 

astronau ts cu rrent ly receive only l imited Ear th-based t rain ing with real 

specimens and LSG mock-ups.  

Therefore, in  order  to increase the ou tcome of the advanced biological 

space exper iments, NASA Ames Research Center 

[ht tp:/ / biovis.arc.nasa.gov/ ] is developing an immersive vir tual 

environment system designed to provide astronau ts and support  crews 

with a facil ity that wil l allow planning, engineer ing development and 

advanced t rain ing act ivit ies [51], [36].  The presented study is a par t  of 

th is research program, conducted by Computer  Graphics and Image 

Processing Laboratory (CGIPL) at  University of Nevada in Las Vegas.  

 

4.2 VGX System Architectu re Overview 

In essence, VGX is a package of vir tual environment technologies 

consist ing of a Glovebox with two armholes, big enough to allow free 

unabr idged hand mot ion with in the box, several cameras to captu re the 

hand mot ion from several points of view, and state-of-the-ar t  software to 

process the video inpu t  from the cameras and reconstruct  the scene in 

3D Vir tual Reality. The main purpose of the system is to be able to t rack  
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and reconstruct  precise posit ion and or ientat ion of the hands and 

fingers. Figure 12 shows VGX bu ilt  by UNLV Computer  Graphics and 

Image Processing Laboratory team. 

 

 

Figu re 12: UNLV GloveBoX Architectu re 

 

The inter ior  of the box is painted light green to make the task  of 

separat ing hands from the background easier . Two Pelco CCC-1370 H-2 

ser ies cameras with pixel resolu t ion 752x582 and frequency 60 fields per  

second are used. The SSAI video captu re card used enables 

synchronizat ion of the cameras. The issue of synchronizat ion of the video 

inpu t  is crucial for  the whole system since both the camera calibrat ion 

and 3D scene restorat ion are main ly dependant on image 

correspondences acqu ired from images obtained from several cameras. 
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At any given t ime when such correspondences are computed, they will 

only give correct  resu lts if all the cameras are observing exact ly the same 

scene at  exact ly the same t ime. The analog images obtained from 

cameras are t ransmit ted via a cable and a BNC connect ion to the video 

captu re card that  conver ts each pictu re to digital. Not ice that  no usage of 

the CPU is requ ired for  the conversion.  

The computer  used for  processing the images is an IBM-PC with an 

Intel 2.8 GHz processor , with the MMX extension for  SIMD integer 

ar ithmet ic and the SSE for  SIMD float ing processing extension. Both are 

programmed in assembly language. The MMX can per form four  16-bit  

mu lt iplicat ions or  fou r  16-bit  addit ions simu ltaneously. The SSE can 

per form four  32-bit  float ing-point  mu lt iplicat ions or  fou r  32-bit  float ing-

point  addit ions simu ltaneously.  

 

4.3 VGX System Software Overview 

The software for  the VGX System is wr it ten in C++ and assembly 

language. The assembly language used u t i l izes the MMX and SSE 

extension capabilit ies to opt imize and speed up data processing. The 

software was developed on MS Visual Studio .NET. The snapshot of the 

GUI of the software is shown on Figure 13. 
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Figu re 13: Snapshot of GUI of the VGX software 

 

The VGX System software has the following components:   

·  Real-t ime synchronous video captu re 

·  Mot ion detect ion and limited mot ion space separat ion 

·  Featu re Extract ion 

·  Camera Calibrat ion and 3D Reconstruct ion 

·  Computer  Graphic Outpu t  

·  Transmission over  the Internet  

The SSAI custom-bu ilt  video captu re card used for  the project  suppor ts 

up to fou r  cameras and is capable of synchronizing these cameras at  the 
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video captu re card level. The SSAI API provided with the card was used 

to obtain synchronized image bu ffers from two Pelco cameras connected 

to the card. Video sequence is captu red at  30 frames per  second (fps) 

from both cameras, then synchronized on the captu re card level and 

passed to the software (Figure 14).  

 

 

Figu re 14: Synchronous video captu re with SSAI video captu re card 

 

After  all the bu ffers have been acqu ired at  a specific t ime, the next 

step is to separate the hands from the background, thus providing 

limited mot ion space for  the consequent algor ithms to decide the type of 

gestu re per formed by the operator ’s hands. This is accomplished with the 

mot ion detect ion algor ithm that  was specifically developed for  th is 

purpose and is presented in th is work .  This algor ithm is very fast  and 

su ited well for  the purpose.  

 Once the mot ion is detected, the next  phase is to extract  specific 

featu res from the limited mot ion plane obtained from the previous step, 

and to find correspondences for  these featu res in all bu ffers (in  th is case, 

two bu ffers). The 3x3 gr id at tached to the top of the white glove worn by 
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the operator  is used as a preliminary mean of finding point 

correspondences in the images (Figure 15). 

 

 

Figu re 15: Preliminary Featu re Extract ion Aid (3x3 gr id at tached to the 

glove) 

 

In the later  stages, a painted glove that  allowed for  more precise 

finger  posit ion resolu t ion will be used. With the help of th is painted 

glove, the direct ional cosines of the fingers will be reconstructed. The 

featu re-based algor ithms are used as a fast  alternat ive to epipolar  

geometry requ ired otherwise to provide point  correspondences in the 

images). 

 Before proceeding to 3D reconstruct ion, the cameras are calibrated 

using one of the state-of-the-ar t  calibrat ion algor ithms developed at 

CGIPL at  UNLV as a par t  of the VGX research work . The camera 

calibrat ion is an important  step, in  which both the intr insic and extr insic 

camera parameters are obtained. These parameters are essent ial when 
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metr ic in format ion from a scene is requ ired. Parameters obtained from 

calibrat ion process are:  

 f: focal length  

 sx, sy: scale factors in x &  y direction 

 r0, r1: radial distortion coeff icients  

 T : translation vector from camera coordinates to world coordinates.        

 R: rotation matrix from camera coordinates to world coordinates 

The rotat ion and t ranslat ion t ransformat ions determine the posit ion of 

the camera with respect  to the global coordinate system. After  that , we 

can proceed with the reconstruct ion of 3D coordinates of the featu re 

points observed in  the object .  The basic 3D reconstruct ion task  is 

graphically descr ibed at  Figure 16. 

Having points lQ  in  the image from left  camera and rQ  in  the 

image from r ight  camera, as well as cameras’ posit ions in wor ld 

coordinate system WCS (obtained from calibrat ion process), and cameras 

coordinate systems LCS and RCS, the 3D point  equ ivalent  to the 

projected onto cameras’ image planes points lQ  and rQ   is found as an 

intersect ion of two rays Llef t and Lr ight.  In  the case where the rays do not  

in tersect  due to noise in the image and/ or  featu re extract ion error , a 3D 

point  is found as a point  that  min imizes the distance between rL  and lL .   

Once the featu re points are reconstructed for  the cu rrent  frame, 

the posit ion and or ientat ion of the hand and fingers are calcu lated and 
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inpu t  in to the VHM modu le, which posit ions the vir tual hands according 

to th is inpu t  and displays them on the screen. 

 

 

Figu re 16: Basic 3D reconstruct ion from image point  correspondences 

 

Another  technique for  model parameter  est imat ion based on 3D 

reconstruct ion is the “shape from silhouette” technique that  u t i l ized 

construct ion of a visual hu ll. This technique [1] was used by University of 

Nevada in Reno (UNR) research team work ing on VGX project  in  parallel 

with UNLV team [1]. Visual hu ll is defined as the maximal volume that , 

for  all possible views ou tside the object , gives the same silhouette as the 

actual object  [52]. A very rapid algor ithm [54] for  construct ing the 

inferred (since only a l imited number  of views is available in reality) 

visual hu ll is used to bu ild an approximat ion to the real shape of the 

object . 
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The Vir tual GloveBoX system constructed at  UNLV CGIPL offers an 

opt ion of t ransmit t ing the data over  Internet . The t ransmission process is 

opt imized so that  very l it t le amount of in format ion is sent  for  each frame, 

which reduces the network  load dramat ically. Instead of t ransmit t ing 

actual image frames or  reconstructed 3D data, only direct ional cosines 

for  each bone of the hand are t ransmit ted (a total of abou t  50 float ing 

point  numbers). Then the 3D Hand Model Player software on the client  

side accepts th is data from the server and for  each frame reposit ions the 

hand model on the screen. 

 

Figure 17: Snapshot of VGX Software and VHM 
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CHAPTER 5 

 
CONCLUSION 

 As it  was ment ioned in Chapter  1, the focus of the presented 

research was on providing two important  tools for  the VGX Project , 

namely, Vir tual Hand Model (VHM), and a fast , robust  and 

computat ionally inexpensive mot ion detect ion algor ithm.  Both goals 

were achieved.  

 First , a Vir tual Hand Model well su ited for  the VGX goals was 

created and thoroughly tested. It  per formed well in  VGX context , bu t  few 

assumpt ions were made that  l imited the usabil ity of the model ou tside of 

the ment ioned context . The first  and most important  assumpt ion was 

that  the joint  angles passed into the model to posit ion the fingers were 

valid and wou ld not  create unnatu ral states. This assumpt ion was based 

on the fact  that  there was an addit ional software layer  in  VGX that 

extracted and validated angles from a video sequence. Nonetheless, VHM 

prevented most extreme cases by imposing basic constraints on the 

angles. In order  to make the VHM universal, these constraints have to be 

refined based on real human hand k inemat ics. Secondly, the 

metacarpals and carpals were not  modeled due to the limited impact  they
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 have on the appearance of the hand and sk in deformat ions. Thirdly, no 

coll ision detect ion algor ithm was implemented in the cu rrent 

version of VHM. Therefore, it  was possible for  the mesh to over lap 

creat ing non-realist ic states. This was compensated by the previously 

ment ioned software layer  that  validated the joint  angles, which prevented 

the mesh from over lapping. In conclusion, the VHM did provide all the 

funct ionality requ ired in VGX context . Never theless, it  had limited 

funct ionality as stand-alone software. Fu tu re work  and improvements 

include creat ing a solid constraint  system, modeling all major  joins of the 

human hand including those that  have limited impact  on its appearance, 

and more advanced sk inning algor ithm that  wou ld allow modeling fine 

sk in deformat ions such as wr ink les. 

 Secondly, a fast , robust  and computat ionally inexpensive mot ion 

detect ion algor ithm based on stat ist ical analysis of the video sequence 

was introduced, implemented and tested. The algor ithm per formed 

extremely well in  context  of VGX, as well as ou tside of that  context  if the 

assumpt ions were met. The few assumpt ions made (stat ic background 

and first  mot ion-free frames) are typical for  the category of the algor ithms 

to which the proposed algor ithm belongs. Fu tu re work  on th is algor ithm 

wou ld include adaptabil ity of the algor ithm to slow environment changes, 

and, possibly, the abil ity of the algor ithm to t rack  moving objects over 

t ime. 
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 In  conclusion, the goals of the research were met completely. The 

VHM and proposed mot ion detect ion algor ithm are now an integral par t 

of cu rrent  VGX system, and both have proven to be reliable and fast . 

Nonetheless, there is a lot  to be done to make the VHM more flexible and 

versat ile, and su itable for  use ou tside of the VGX context . The mot ion 

detect ion algor ithm can be used ou tside of the VGX context  freely 

anywhere where a comparable algor ithm from the same category 

(background subtract ion) is used, even though a few improvements can 

be made to make it  more powerfu l. 



 

 

  

52 

APPENDIX 

 

MOTION DETECTION SOURCE CODE 

File VCMDFilter.h 

/ /  VCMDFilter .h: in ter face for  the VCMDFilter  class. (Var iance/ Covar iance Based 
/ /     Mot ion Detect ion Filter  
/ / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / /  
/ / contains defin it ions of stack , queue and list  
#include "defin it ions.h"  
/ / Filter  data 
st ruct  FData 
{ 
 BYTE* prevFrame;  / / previous frame 
 BYTE* curFrame;  / / cur rent  frame 
 in t  numOfSamples;/ / number  of samples 
 in t  spp;   / / samples per  pixel 
 in t  bu fSize; 
 in t  width; 
 in t  height ; 
}; 
 
class CVCMDFilter   
{ 
public: 
 CVCMDFilter (); 
 vir tual ~CVCMDFilter (); 
 void In itProc(FData* data); 
 void Star tProc(FData* data); 
 void RunProc(FData* data); 
 void EndProc(FData* data); 
protected: 
/ / class members 
 in t    sampleNum; 
 in t    m_Width; 
 in t    m_Height ; 
 in t    frm_count ; 
 double*  backgrnd; / / wil l store means in  there 
 double   threshold; 
 double   S[9];/ / var iance/ covar iance matr ix   
 mat3   cov; / / var iance/ covar iance matr ix (inversed)  
 
}; 
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File VCMDFilter .cpp 

/ /  VCMDFilter .cpp: implementat ion of the VCMDFilter  class. 
/ /  
/ / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / /  
#include "VCMDFilter .h" 
 
/ / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / /  
/ /  Construct ion/ Destruct ion 
/ / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / / /  
 
CVCMDFilter ::CVCMDFilter () 
{ 
 fdata.curFrame = 
 fdata.prevFrame = NULL; 
 bWindow = NULL; 
 sampleNum = 0; 
 backgrnd = NULL; 
 frm_count  = 0; 
} 
 
CVCMDFilter ::~CVCMDFilter () 
{ 
} 
 
void CVCMDFilter ::In itProc(FData* data) 
{ 
 VERIFY(data); 
 fdata.bu fSize = data->bu fSize; 
 fdata.curFrame = fdata.prevFrame = NULL; 
 fdata.height  = data->height ; 
 fdata.width = data->width; 
 fdata.spp = 3; 
 fdata.numOfSamples = data->height  * data->width; 
 bWindow = NULL; 
 sampleNum = 0; 
 backgrnd = NULL; 
 fdata.prevFrame = new BYTE[fdata.numOfSamples]; 
} 
 
void CVCMDFilter ::Star tProc(FData* data) 
{ 
 VERIFY(fdata.curFrame == NULL); 
 VERIFY(fdata.bu fSize>0); 
} 
 
/ ********************************************/  
/ * This funct ion assumes "garbage frames" for  ADAPTING_TIME, 
/ * stat ic background for  LEARNING_TIME, then substructs every new frame 
 * from the background, constructed dur ing LEARNING_TIME. 
 * 
 */  
void CVCMDFilter ::RunProc(FData* data) 
{ 
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 in t    Bu fferLen = data->bufSize; 
 BYTE* pBuffer  = data->curFrame; 
 
 if(!Bu fferLen) retu rn; 
 
/ / --------------------------------------------------------------- 
/ /  This is the ADAPTING PHASE - let  the camera adjust  to the l ightn ing 
/ / ----------------------------------------------------------- 
 if(sampleNum<=ADAPTING_TIME) 
 {/ / just  sk ip the frames 
   if(!sampleNum) 
  { 
   / / allocate memory for  the background image 
   backgrnd = new double [BufferLen]; 
   memset(backgrnd,0,BufferLen*sizeof(double)); 
 
   / / allocate memory for  LEARNING_TIME window of frames 
   bWindow = new CMyQueue<BYTE>( LEARNING_TIME,  

BufferLen ); 
  } 
 
  sampleNum++; 
  retu rn; 
 } 
 else 
 
 / / --------------------------------------------------------------  
 / / This is the LEARNING PHASE - construct  the background 
 / / -------------------------------------------------------------- 
 if(sampleNum<=LEARNING_TIME+ADAPTING_TIME) 
 { 
  sampleNum++; 
 
  bWindow->AddSample(pBuffer );  
 
  / / update background - wil l use later  to calcu late means 
  for (in t  i=0; i<BufferLen; i++) 
   backgrnd[i]+=pBuffer [i]; 
 
 
  / / last  frame of the learn ing phase 
  if(sampleNum==LEARNING_TIME+ADAPTING_TIME+1) 
  { 
    
    
  / / CALCULATE VARIANCE/ COVARIANCE MATRIX 
  / / STEP 1 - calcu late means 
   double factor  = 1.0/ LEARNING_TIME; 
    
   / / calcu late means 
   for (in t  j=0; j<BufferLen; j++) 
    backgrnd[j]*=factor ; 
     
 / / STEP 2: 
/ / calcu late S == global square root  of average var iance(deviat ion) 
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/ / bet ter  to do it  once here. This is just  an approximat ion of the  
/ /  deviat ion bu t  we care more about  the speed of th is th ing. 
   double S1[6]; / / B, G, R, BG, GR, BR 
   double S2[6]; 
   double tempB=0, tempG=0, tempR=0; 
   BYTE* sample; 
     
   S2[0] = S2[1] = S2[2] = S2[3] = S2[4] = S2[5] = 0; 
    
   / / for  each frame in the sequence 
   for (in t  i=0; i<LEARNING_TIME; i++) 
   { 
   sample = bWindow->GetSample(i); 
   S1[0] = S1[1] = S1[2] = S1[3] = S1[4] = S1[5] = 0; 
     
  / / for  each pixel in  the sample(for  RGB channels separately) 
    for (in t  j=0; j<BufferLen; j+=3) 
    { 
     / / B 
     tempB = sample[j]-backgrnd[j]; 
     S1[0]+= tempB*tempB; 
 
     / / G 
     tempG = sample[j+1]-backgrnd[j+1]; 
     S1[1]+= tempG*tempG; 
 
     / / R 
     tempR = sample[j+2]-backgrnd[j+2]; 
     S1[2]+= tempR*tempR; 
 
     / / BG 
     S1[3]+= tempB*tempG; 
     / / GR 
     S1[4]+= tempG*tempR; 
     / / BR 
     S1[5]+= tempB*tempR; 
 
    } 
    S2[0]+=S1[0]; 
    S2[1]+=S1[1]; 
    S2[2]+=S1[2]; 
    S2[3]+=S1[3]; 
    S2[4]+=S1[4]; 
    S2[5]+=S1[5]; 
   } 
    
factor  = 1.0/ (LEARNING_TIME*((double)BufferLen/ 3.0) - 1); / / non-biased 
   S[0] = (S2[0]*factor ); / / B 0 
   S[1] = (S2[1]*factor ); / / G 1 
   S[2] = (S2[2]*factor ); / / R 2 
   S[3] = (S2[3]*factor ); / / BG 3 
   S[4] = (S2[4]*factor ); / / GR 4 
   S[5] = (S2[5]*factor ); / / BR 5 
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   / / set  up the matr ix and inver t  it  
   / / B, G, R, BG, GR, BR 
   mat3 m; 
   m.mat [0] = S[0]; m.mat [1] = S[3]; m.mat [2] = S[5]; 
   m.mat [3] = S[3]; m.mat [4] = S[1]; m.mat [5] = S[4]; 
   m.mat [6] = S[5]; m.mat [7] = S[4]; m.mat [8] = S[2]; 
    
   m.inverse(cov); 
 
   i f(m_StatusWnd) 
   m_StatusWnd->SetWindowText("Detect ing Mot ion"); 
 
 
   / / STEP 3: Bu ild h istogram and determine the threshold 
   in t  x1, x2, x3; 
   double d1, d2, d3, D; 
   memset  (HistoD, 0, HISTO_SIZE_POW2* sizeof(in t )); 
   for (i=0; i<BufferLen; i+=3) 
   { 
     
    / / STEP 3.1 - calcu late Mahalanobis distance  
    x1 = i; x2 = i+1; x3 = i+2; 
 
    d1 = pBuffer [x1] - backgrnd[x1]; 
    d2 = pBuffer [x2] - backgrnd[x2]; 
    d3 = pBuffer [x3] - backgrnd[x3]; 
     
    D = d1*d1*cov.mat [0] +  
     d2*d2*cov.mat [4] + 
     d3*d3*cov.mat [8] + 
     d1*d2*(cov.mat [3]+ cov.mat [1])+ 
     d1*d3*(cov.mat [6]+ cov.mat [2])+ 
     d3*d2*(cov.mat [7]+ cov.mat [5]); 
   } 
  } 
  retu rn; 
 } 
 else 
 
 / / -------------------------------------------------------------- 
 / /  This is MOTION DETECTION PHASE - subtract  cur rent  frame from  

/ / the backgrnd 
 / / ------------------------------------------------------------- 
 { 
  double d1, d2, d3; 
  double D; 
  in t  x1, x2, x3; 
  in t  counter  = 0; 
 
  memset(HistoD, 0, HISTO_SIZE_POW2*sizeof(in t )); 
 
  for (in t  i=0; i<BufferLen; i+=3) 
  { 
   / / STEP 1 - calcu late Mahalanobis distance  
   x1 = i; x2 = i+1; x3 = i+2; 



 

 

57 

 
   d1 = pBuffer [x1] - backgrnd[x1]; 
   d2 = pBuffer [x2] - backgrnd[x2]; 
   d3 = pBuffer [x3] - backgrnd[x3]; 
    
   D = d1*d1*cov.mat [0] +  
    d2*d2*cov.mat [4] + 
    d3*d3*cov.mat [8] + 
    d1*d2*(cov.mat [3]+ cov.mat [1])+ 
    d1*d3*(cov.mat [6]+ cov.mat [2])+ 
    d3*d2*(cov.mat [7]+ cov.mat [5]); 
     
   / / STEP 2 - classify the pixel  
   i f (D>60) 
   {/ / Foreground 
    fdata.prevFrame[counter++] = 255; 
   } 
   else 
   {/ / Background 
    fdata.prevFrame[counter++] = 0; 
   } 
  } 
  
  data->prevFrame = fdata.prevFrame; 
 } 
} 
 
void CVCMDFilter ::EndProc(FData* data) 
{ 
 sampleNum = 0; 
 if(backgrnd) 
  delete[] backgrnd; 
 backgrnd = NULL; 
 if(bWindow) 
  delete bWindow; 
 bWindow = NULL; 
 
 if(fdata.prevFrame)  
  delete [] fdata.prevFrame; 
 fdata.prevFrame = NULL; 
} 
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