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ABSTRACT

Virtual Hand Model and Motion Detection Algorithm as a Part of
NASA Virtual GloveBox (VGX) HCI System

by
Oksana Kubushyna
Dr. E. A. Yfantis, Examination Committee Chair

Professor of Computer Science

University of Nevada, Las Vegas
The research presented in this thesis deals with creating an
accurate and robust representation of a human hand in 3D virtual
environment as a part of innovative unobtrusive human-computer
interaction (HCI) system. The proposed virtual hand model preserves the
natural kinematics and all degrees of freedom, allows real-time
interactive updates for the position of the hand and the fingers, and is
optimized for transmitting data over the network. In addition, a novel fast
and robust stochastic motion detection algorithm based on Mahalanobis
distance is presented as a first step in the HCI system for hand position
reconstruction. The algorithm allows separating a moving object from

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

feature extraction and, therefore, improving overall processing time.
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CHAPTER 1

INTRODUCTION
1.1 Research Goals

Research presented in this thesis has been conducted as a part of
a NASA Virtual GloveBoX (VGX) Project supported by NASA Space
Grant/ EPSCoR: “Development of a Nationally Competitive Program in
Computer Vision Technologies for Effective Human-Computer Interaction
in Virtual Environments." The author of this thesis has been a part of
the research team created within 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. Yfantis, PhD. The research has generated a number of publications
[42], [41], [31], [30], [34].

The overall goal of the VGX Project is to create a training facility for
astronauts who will be using the Life Sciences Glovebox Facility (LSG)
onboard the International Space Station. The main goal of the research
presented in this paper was to provide two vitally important tools for the
VGX Project, namely, the Virtual Hand Model (VHM) [41], and a fast,

robust and computationally inexpensive motion detection algorithm [42],



and to show how to embed them into the Virtual GloveBoX system.

Chapter 1 of this thesis introduces the research goals of the
project, as well as defines such important concepts as Human-Computer
Interaction (HCI) and Virtual Reality.

Chapter 2 describes the proposed VHM, a system that, given a
position of fingers at any time, can reproduce a hand in a virtual 3D
space with fingers accordingly positioned, in such a way that it looks
sensible. Due to a lack of established algorithms and implemented
realistic systems concerning VHM, the goal was to design and implement
a novelty VHM system from scratch, utilizing latest developments in
computer graphics. Chapter 2 shows how the proposed VHM achieves
the goal of representing human hand shape, look (skin texture and color,
nails etc.) and motion realistically.

Chapter 3 presents the proposed motion detection algorithm,
which is another focus of this research. A good motion detection
algorithm is typically the first step in any computer vision system, and
its quality usually defines the success or failure of such system in
serving its purpose. Motion detection is a well-researched area of
computer graphics with many established techniques. Nonetheless, after
reviewing and analyzing existing algorithms, the research team came to
the conclusion that most of these algorithms are either too complicated,
both conceptually and in implementation, for the assigned task, or too

slow and computationally expensive. Therefore, it was decided to design



and implement a new motion detection algorithm that would be best
suited for the project. The requirements for such an algorithm 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 computationally expensive
computer vision system. The aim was that under any circumstances it
should not become a bottleneck for the system. Second, it had to be very
efficient in its task; namely, it had to be able to separate motion from
background with high precision and be as insensitive to noise as
possible. Chapter 3 shows how the presented motion detection algorithm
accomplishes this goal.

Chapter 4 explains in detail the scope of VGX project, its goals and
purpose and presents an overview of its current software and hardware
implementation. It shows how both VHM and motion detection algorithm
fit into the system.

Finally, Chapter 5 summarizes the accomplishments and provides

a direction for future research and improvements.

1.2 Human-Computer Interaction
Human-Computer Interaction (HCI) is a relatively new rapidly
changing field of computer science. Due to unprecedented development
of technology, evolving rapidly into small, fast, powerful, portable,

omnipresent machines, computers demand new, more intuitive, more



natural and convenient for the consumer ways of communicating with
the user.

Since HCI is a new field and it covers a very broad spectrum of
topics ranging from basic interaction such as WYSIWYG direct
manipulation of graphical objects to sophisticated systems of virtual
reality and "augmented reality" [7], it is very difficult to give a precise
definition of the field. A broad all-including definition is given in [16]:

Human-computer interaction is a discipline concerned with the
design, evaluation and implementation of interactive computing systems

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

1.3 Virtual Reality

Virtual reality is an environment created using computer hardware
and software and implemented in such a way that, even though artificial,
it appears and feels real to the user. This environment involves direct
user interaction. The user has to “cut off” the surrounding world by
wearing a set of special devices that includes gloves, earphones and
goggles. Wearing these devices overrides and controls at least three of
five senses by receiving the sensory input from the computer and feeding
this sensory input to the user. In addition, these devices monitor and
respond to user’s actions; for example, the new video input is generated

and sent according to user’'s eye movement detected and tracked by the

goggles.



The virtual environment systems can be very useful in creating
simulations for more sophisticated real-life systems or allowing
interaction with prototypes that might not even yet be implemented in
real life, and provide training in close-to-reality setting. In addition,
virtual environments can be used to represent and allow operating with
data that the human eye cannot see, such as heat, magnetism, gravity.
Scientific and data visualization systems use virtual reality to reveal and
study this data. Another application of VR is augmented reality. This
concept represents a point where virtual and real worlds meet. In
augmented reality system, an electronic “virtual” image is projected over
the real world, allowing the user to interact with virtual objects as if they
were real, and at the same time allowing the virtual objects to interact
with real objects in a realistic manner.

There are numerous applications for virtual reality. A few years ago
virtual reality was extensively used mainly for military simulations and
games, and in medicine as an alternative experimental treatment for
phobias [3]. Nonetheless, there has been an increase of the fields of
applications of virtual reality systems in the past few years. VR
technologies are widely applied in many areas of life including cosmology,
material science, molecular biosciences, relativity, weather forecasting,
manufacturing and industrial design, education, training, life-long
learning, environmental monitoring, medicine, teleoperation of remote

equipment (physically distant or dangerous), and entertainment.



Currently, the virtual reality systems require extremely expensive
hardware and software that are not available to public. There are many
hardware devices customized for a specific, often experimental, VR
system. Some examples of these devices are: data-gloves, wands, head-
mounted displays (HMD), Binocular Omni Orientation Monitor (BOOM)

and VIVED - Virtual Visual Environment Display.



CHAPTER 2

VIRTUAL HAND MODEL VHM
2.1 Overview

The human hand is a very popular articulated object, the modeling
of which has been a challenge for extended period time. 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 correctly. Few attempts 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
difficulties in creating a precise anatomy-based human hand model.

A widely adopted technique for modeling articulated objects is a
layered approach [19]. In this approach, any object is modeled as a set of
layers representing skeletal, muscular, underlying tissues and skin.
Additional layers may include hair, cloth etc. Even though all layers are
equally important, some of them have only a symbolic representation in
the actual model of the object. Typically, any articulated object is set up
by building a model representing the geometric skin of the object in some

pose. Then, in order to control the movement of the geometric model,



an underlying skeletal structure is constructed comprised of linked
joints. After both layers are created, a skinning algorithm is then applied
to deform the skin so that it convincingly imitates real skin motion.

Geometric representation of skin 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 texture and color [46].

A skeleton, which is a special control structure, is then
constructed. The main purpose of the skeleton is to represent movement
of the articulated object realistically. Two approaches have been
established for modeling hand dynamics - joint-control based and
muscle-control based. The first approach attempts to model the hand
motion by acknowledging the degrees of freedom of each joint and
modeling the joint motion accordingly ([24], [57]). The second approach
attempts to simulate the effects of the tendons and muscles that affect
movement of the body [43].

For example, in [60], muscles are modeled as a virtual spring for
each degree of freedom of the related joint, and the natural constraints
are controlled by an energy function, whose parameters are chosen
based on investigating the motion of a real hand.

The skinning algorithm is responsible for deforming the geometric
skin model according to the motion of the underlying skeleton. This is
accomplished using Free-Form Deformations (FFD), originally introduced

in [56] as a technique to deform arbitrary objects by warping a volume of



space which contained the given object. The volume of space is
represented as a structure connecting a set of control points. The space
then can be deformed by directly manipulating 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 interlinked at the joints. The
joints are passive elements of this system that, apart from connectivity,
also provide mobility and stability, but they do not produce any forces.
The active parts of the system are the muscles that produce force by
voluntary contractions. For modeling the human hand, it can be
assumed that muscles are the only elements that can produce forces
essential to the system, and that these forces are eccentric (about the
joint axes).

As it can be seen from Figure 1 depicting human hand anatomy, the
palm is composed of four long bones called metacarpals. Metacarpals for
the index and middle fingers are fixed, whereas those for the pinky and
ring fingers can move through a very limited range. Each finger is
composed of three bones: proximal, medial and distal phalanges. These
bones articulate with each other using joints. A joint connecting the

distal phalange and the metacarpal is termed a Metacarpal Phalangeal
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Joint (MCP). The next joint, connecting the proximal and the medial
phalanges is named the Proximal Interphalangeal Joint (PIP), and the
joint connecting the medial and the distal phalanges is labeled the Distal
Interphalangeal Joint (DIP). Note that a thumb has a slightly different
structure 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 classification is

presented below.

Distal

Pinlov w,..ﬁ_:_ Interphalangeal
{ . . ./// (DIFy
Distal Phalan:
. Praximal
. *N./lnterphalangeal
Thumb (FIF)

Interphalangeal
(IF)

Middle Phalanx { G

Froximal Phalanx {

Metacarpophalangeal
(MCH)
hetacarpal

Trapeziometacarpal

Figure 1: Human Hand Anatomy

Overall, the types of joints found in human body can be classified
as simple, compound, and complex joints. This classification is based on

differences in the amount, type, shape and size of articulated surfaces of
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the joints. A simple joint is a joint with two articulated surfaces, whereas
a joint with more than two articulated surfaces is termed a compound
joint. If a disc or fibro-cartilage is present in a presence of three or more
articulated surfaces, the joint is classified as a complex joint.
Furthermore, joints are divided into groups based on their range and
type of motion. The types of motion present in the hand are flexion and
extension (movement of fingers towards and away from the palm
respectively), and abduction and adduction (movement of the fingers away
from and towards the plane that divides the hand between the middle
and ring fingers).

For the plane or gliding joint, the motion is non-axial, which means
that the movement at this joint does not occur about its axis. This type of
joint is best described as two flat surfaces sliding over each other to allow
movement.

The hinge (Ginglymus) joint is a wuniaxial joint that allows
movement (flexion and extension) in one plane only. All Interphalangeal
joints are of this type. In addition, the MCP of the thumb is also of this
type. This joint has one degree of freedom.

The ellipsoidal joint is a biaxial joint that allows movement
(flexion, extension, abduction, and adduction) in two planes. MCP joints
(excluding the MCP of the thumb) are of this type. This joint has two

degrees of freedom.
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The saddle joint allows two planes of motion (flexion, extension,
abduction, and adduction) with a small amount of rotation also allowed.
It is similar to the ellipsoidal joint in function, and is only found at the
carpometacarpal (CMC) articulation 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 difficult to
formulate precise dependencies and constraints in the human hand
because they vary from person to person. In addition, extra pressure
applied to a finger to increase its range of motion beyond normal limits

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

2.3 Model description

The proposed model consists of two parts, 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 hierarchical structure, where each bone has a parent bone
and a child bone.

In this research, it was chosen to represent only phalanges of the
hand, and ignore carpals and metacarpals due to their limited motion
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 relationship. From this definition and Figure 2 it
follows that we have four skeletons [So...S4], one for each finger, and they
start from one point. We also consider only three bones (phalanges) in
each skeleton (BO, B1, and B2):

"§:5={B.B.B,} .
The proposed skeleton corresponds to the real bone system of the

human hand.

Figure 2: Proposed Skeleton of 3D Hand

The mesh that was used for this model is a set of polygons that
represent the geometry of the human hand realistically. Using various
computer graphics techniques, these polygons are rendered as solid

surfaces with applied texture and color that is similar to those of real
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human skin. Together, geometry, texture and lighting create a realistic
effect. A mesh can be obtained in many ways, the most sophisticated of
which is 3D scanning of a real human hand and translating the received
image into machine-readable format. We used the mesh shown in Figure
3 to model a realistic hand.

After we have defined these two entities, we bind them together to

build an interactive realistic hand model.

Figure 3: Mesh drawn as a set of polygons and as a set of lines.

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 relationship.

This bone system is defined as follows.
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2.3.11 Bone System Description

Each bone is created within its own local coordinate system. In
addition to its direction, each bone must “know” its parent and its child,
the bones it is connected to. The bone connected to the tip 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 direction. For example, consider a bone chain Bo ... Bn where Bo
is the root (first parent) and By is the tip (last child). Then, each child Bk
is defined recursively as

Trk = Trka* Tk * R,
where Tk and Rk are the translation and rotation matrices of bone Bk
respectively, and Trka1 is the accumulated transformation matrix
received from previous bones, and
Tro =/,

where / is the identity matrix. Tk is used for every bone Bk to set the
center of rotation to the base of this bone. Matrices Tk and Rk are called
initial transformation matrices and they do not change during the
execution time. In addition, these transformations do not affect the
mesh. The direction of the bone can be represented using directional

cosines:

L =\/coszqx +cos’q, +cos’q, ,
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cos_X =cosq, /L,
cos_Y =cosq, /L,
cos_Z =cosq,/L,
where Gk, Qv and Q7 are initial rotation angles of the bone.
2.3.1.2 Moving the Bone
Now that the bone structure is defined, it is time to consider how to
move the bone. The formal language that will describe the movement of
the bone is defined below. The function that is responsible for the
movement will accept the following as its arguments:
The axis about which the rotation is to be performed
The anglej by which the boneis to be rotated
The motion is described as a series of rotations about local axes.
Assume jx, jy and jz are the current rotations that describe the
movement of the bone Bk in the B: ... Bnchain. Then, the transformation
matrix of bone Bk is calculated as follows:
Trk = Trka * Tk * Rk * Rk,
where R’k is the current rotation of Bk:

tx*+c txy- sz txz+sy O
R = txy+sz ty’+c tyz-sx O
“ txz-sy tyz+sx tZ+c O
0 0 0 1

wherec=cos j,s=sin/j,and t =1-cos /, and (X,y,z) is a unit vector on

the axis of rotation.
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2.3.1.3 Setting Constraints
A realistic hand model should reflect the functionality of joints and
muscles in a very objective way. In the currently described model, the
bone can be rotated by any angle about any local axis. This creates an
enormous amount of states that are impossible for a real hand.
Therefore, it is necessary to impose some kind of constraints on the bone

motion.

Figure 4: a) Bones maximally extended b) Bones maximally constricted

This is achieved by setting the constraints on how much the bone can
bend relative to the parent's direction. For this purpose we define a set of

constraints (minAx, maxAx), (minAy, maxAy ), (minAz, maxA; ) such that

minA, <f, <max A,
minA, <f, <maxA, .
minA, <7, <max A

These constraints help to eliminate many unrealistic states of bone

configurations.
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Figure 4 shows the two extreme states of the hand model:
maximally extended (a) and maximally constricted (b). In addition to the
constraints, collision detection can be employed to avoid states where
two bones intersect or come too close to each other. Bounding boxes can
be used for this purpose.

2.3.2 Mesh

The mesh that we use for this model is a set of points that
represents a human hand, or, rather, human skin, realistically. We used
the mesh shown in Figure 3 to model a realistic hand.

A mesh is a set of connected faces that describe an object (hand).
Each face is a collection of three or more points connected together by
splines. For a realistic shading effect, the light is calculated on the
corners of a face and estimated for each point of a plane using ray-
tracing techniques. This creates a smooth shading effect that is very
realistic.

Once a left hand mesh created, it is easy to obtain a right hand
mesh without repeating all the work. A mirror operation about x-axis is
performed on the left hand mesh. In addition, the normals are mirrored
as well. Then, the direction in which the shading is calculated is reversed
(CCW->CW).

The mesh verticies are divided into 15 subsets [Fo ... F14] that can be
moved independently. Usually these are the parts 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 additionally we have one
mesh subset for the palm. Every two connected mesh segments F; and F;
have subsets Wi 1 Fi) and (W1 Fj) of points that have exactly the
same coordinates:
Wi = Wi
These subsets represent the connection 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 realistic hand model. This is done by
assigning every bone to the mesh segments that are affected by this
bone. Consider the index finger and assume skeleton Sp is assigned for
that finger. Essentially So consists of three bones only, Boo, Bo1 and Boa.
Let us say mesh segments Fi, Fi+1 and Fi+2 correspond to bones Boo, Boz
and Bo2 respectively.

Then, whenever a bone Bok in Spis rotated, every vertex of the affected
mesh Fi:«k is rotated in exactly the same manner:

Tr(f ) == Tox * Ty .

Nevertheless, this would create holes in the mesh when a bone is rotated
(Figure 5). The subset W*K . i1 will be rotated using Tr(Fi«)

transformation matrix and W+K-1 .« i«x-1 will be rotated using Tr(Fi+k-1).
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Figure 5: Mesh is bound to Bones —faulty simple case.

To avoid this, a number of meshes rather than just one is assigned to
every bone (typicallly 3 or 2 closest meshes). Assume Jx is a set of
meshes assigned to bone Bm. For each vertex vq in every mesh Fn 1 Jk a
weight whay, of this bone’s influence was specified. If B is a set of all

bones, the weight is a floating point number such that

0.0£wW™M£1.0
oW =10
1 B

Then during processing time every vertex influenced by rotated
bone is rotated according to the weight of that bone for that vertex.
Assuming bone Bk is rotated, the new position of vertex vql Fnl Jk is

calculated as follows:

V'q = [(_ TK * TrK )Vq - Vq] * leq -
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2.4 Results

The proposed Virtual Hand Model (VHM) has been thoroughly
tested in the context of the Virtual GloveBoX (VGX) System and proven
reliable and realistic. It was able to recreate all positions and
configurations that were input from 3D reconstruction and finger
position extraction module 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 sufficient to say that the research
goals were accomplished. Compared to other models, the proposed model
is less strict on the constraints because it assumes correct input for
finger positions from other modules of VGX System. Nonetheless, it does
eliminate unrealistic states effectively by applying proposed constraints.
One improvement planed for the model is to apply FFD to the model to
represent skin deformations more realistically. Nonetheless, the proposed
model satisfied the “realism” research goal to the very high degree. In
short, all the research goals for VHM were accomplished.

The VHM in work can be seen on Figure 6, Figure 7 and Figure 8.



Figure 7: VHM in context of HCI —simple gesture
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Figure 8: VHM in context of HCI — complex gesture
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CHAPTER 3

MOTION DETECTION ALGORITHM
3.1 Previous Work

Fast motion detection is usually one of the first and most
important steps in algorithms employed in areas such as computer
vision, surveillance, and security. In addition, motion detection and
motion understanding is a key element of numerous HCI systems. For
example, a gesture recognition system needs to separate and interpret
hand motion in a video sequence [17], [9]. Similarly, a system that uses
auto-stereoscopic display method to provide users with realistic 3D
visualization environment by projecting stereo video onto user’'s eyes
needs to localize and understand human eye motion with high precision
[10], [29].

Motion detection and object tracking is an established well-
researched area. Numerous algorithms have been developed and tested,
and have proved reliable and well fitted for specific applications. Several
major approaches to motion detection are investigated.

All motion detection algorithms generally fall into two categories:

Feature-Based or Featureless methods.

24
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For the most part featureless algorithms are variations of Image or
Optical flow techniques that are based on the Optical Flow Constraint
Equation (OFCE) [15], [23]. This approach was introduced more than 20
years ago in [4] and now is widely used for motion detection. In this
approach the focus is on spatio-temporal variation of the signal, where a
given pixel’s intensity | is represented as a function of time, as well as its
position in the image: I(x, y, t). Thus, a pixel at a small distance from

given pixel can be described as:

)l

I 1
dv +
‘Hyy

| (x+dx, y+dy,t+dt) = | (x, y,t)+ dx+ ﬂ' dt+.. 0.1)

where higher order terms are omitted. Now, an assumption that the
intensity of a pixel belonging to the same object does not change over
time is made. In addition, it is assumed that the part of an object at

position (x,y) at time t has moved by distance (dx,dy) by time dt. From
this we have | (x,y,t) =1 (x+dx, y+dy,t+dt) which yields:

0= opes Mgy e W ©0.2)
fix fit

iy
L . dx _ dy _
After dividing (0.2) by dt and setting E—u and E_V (where u and v

represent the velocity of the object in corresponding directions) and

having dt® 0, we get:

-—=—u+—1yV, (03)
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which is called the optical flow constraint equation(OFCE). Optical flow
algorithms focus on finding an efficient and robust solution for OFCE
employing one of the two methods: (1) converting the motion problem to
a stereo problem and finding pixel correspondences between image at
time t and dt; and (2) computing optical flow and analyzing its
geometrical properties to infer the 3D information about the motion. The
optical flow approach has a few disadvantages [18], [3]. Firstly, it
assumes no significant change of intensity in an object with time.
Secondly, there is an ambiguity known as the aperture problem: it is
impossible to determine the component of the optical flow at right angles
to the direction of the image intensity gradient. Thirdly, optical flow
algorithms depend on the computationally expensive calculation of first
and in some cases higher numerical derivatives, which are notoriously
sensitive to noise. Fourthly, sometimes the optical flow does not
correspond to the motion field. For example, the motion field and optical
flow of a rotating barber’s pole are different, as illustrated in Figure 9.
Feature-Based algorithms usually employ some kind of tracking
system, meaning that the trajectory of the motion of the object of interest
has been calculated up to the current frame, and the task is to update it
using the features extracted from the current frame. Feature-based
algorithms generally fall into one of the following two categories: search
based or extract and match based. The search based approach attempts

to find a new position of the object by directly searching the current
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frame for the matching patterns from previous frames (gradient-based
algorithm). Extract and match algorithms extract new features from the
current frame and try to match them to the prior trajectories (correlation-
based algorithm). Search based algorithms generally are more
computationally expensive, but more stable for tracking over long periods
of time. Various techniques are employed for extracting and tracking the
features. The major approaches include Neural Networks [50], [37], [21],
[55], [6], [14] and active contours (snakes) [11], [59], [38], [49], where
Active Snake is an energy-minimizing spline — a spline associated with
energy-minimizing function dependent on internal and external

constraints [35].

Figure 9: The motion field and optical flow of a barber's pole.
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Most of the current motion detection algorithms are adaptive.
Adaptive algorithms can adjust themselves for scenery changes (learn).
In other words, an adaptive algorithm can be trained to acknowledge
slow changes, for example, changes of lighting with time (morning light
vs. evening light), which is very useful for outdoor motion detection
applications.

The majority of the advanced algorithms usually combine both
featureless and feature-based approaches to produce the best results

possible.

3.2 Mathematical Background
The proposed algorithm is based on the statistical analysis of the
video sequence and finding correlations 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 distribution with n possible values

of x is

s?= P(X)(K - ) (3.2.1)

where mis a population mean, and P(x) denotes expectation value

(probability) of x .

The sample variance s; is defined by
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=4

2

s ° (% - X)*, (3.2.2)

1
N iz
where Xis the sample mean, and Nis the sample size.

To estimate a population variance m =s? from a sample of N elements

with a priory unknown mean (i.e., the mean is estimated from the sample
itself), we need an unbiased estimator (a rule that defines how to

calculate an estimate based on the measurements contained in a sample)

M. The following formula makes the sample variance s, an unbiased

estimator for the population variance [13]

£.0 -1 (- %7 (3.2.3)
N-1.

Covariance s; ° cov(x,%,) of x and x, from a set of n variants {X;},...{X,}
is defined by
cov(x, %) ° (% - m)(x, - m)) (3.2.4)
:<>ng>- mm . (3.2.5)
In the special casei = j, covariance gives the usual variancecov(x,x)=s7.
The Covariance Matrix (V;) is a matrix comprising of quantities
Vi =cov(x,X).

The standard deviation of a probability distribution is defined as a

square root of the variance:

s :J“ PO - 7’ (3.2.6)

i=1
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For two variables x and y the correlation between these variables is

defined by
cor(x,y)° M. (3.2.7)
5.8,
For general case of variables x and x; (i,]=12,..n)
cov(x, X,)
cor (%,X.)® ———— (3.2.8)

V “ iiVii |

where V; and V; are corresponding elements of the covariance matrix. A

correlation describes the strength of the relationship between variables,

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

3.3 Algorithm
The proposed motion detection algorithm employs statistical analysis of
the background information and Mahalanobis distance to determine if a
pixel should be considered as motion or not. The algorithm can be
classified as stochastic background subtraction non-adaptive motion
detection algorithm.

The main idea behind background subtraction method is that after
assuming a certain frame in a sequence to be free of motion and
accepting it as a “background”, the algorithm compares each consequent
frame to the background frame (frame of reference) and classifies a pixel

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

motion pixel iff

difference( Ry

R2,,) > threshold, (3.3.1)

B
where B,

,is a background pixel at position (Xx,Y).

The first step of the algorithm is collecting background
information. In the presented approach, the background information is
assumed available for the first N frames. This assumption is justified by
the fact that the user of HCI system could be required to wait for a
certain amount of time after the system is turned on before using it.

The most common way of acquiring a background reference frame
is to calculate the mean frame out of N frames received. Therefore, from
the first N frames a statistical background is built by averaging each

pixel:

1N
By =M. "N Pip - (3.3.2)
n=1

This approach gives a good estimate of the background information and
is computationally inexpensive. The proposed algorithm uses this
approach, but enhances it with additional information to provide more
details about the population of the first N frames assumed to be
background. Specifically, the covariance matrix for the N background

frames is calculated.
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The most commonly used measure of distance between two

observations (x,,...,x,) and (Y,,...Y,) on two variables X and Y is the

Euclidean distance:

d(X,Y) =0 - ¥o)” +.t (%, - Vo) - (3.3.3)
In this case, the distance to be found is the distance between the
background and a new frame received from the capturing device. Of
course, Euclidian distance can give  good results, but
variance/ covariance does have an effect on Euclidian distance. The main
idea of the proposed algorithm is to use a different type of distance
measure — Mahalanobis distance. The actual mathematics of
Mahalanobis distance has been known for quite some time [27], [48]. The
original reference to Mahalanobis distance calculation dates as far back
as 1936 [45].

Mahalanobis distance is typically used to determine “similarity”
between a set of values from an unknown sample and a set of values
measured from a compilation of known samples. This concept is widely
used in surveillance [39], ecological applications [25], [44], patient
monitoring, medical diagnosis, software, manufacturing, weather
forecasting, automotive collision prevention system, and fire detection.

The concept behind Mahalanobis distance can be explained using
the following example. Assume that 50% of population falls within the
hypothetical ellipsoid shown in Figure 10, and assume that point X

represents the mean of the population. Suppose points A and B need to
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be classified as to whether or not they belong to this population. If
Euclidian distance is used, both points appear to be at the same distance

from the mean of the population.

Figure 10: Difference between Euclidian and Mahalanobis distances.

This means that Euclidian distance does not take into
consideration the “shape” of the population distribution, so both points A
and B have equal probability of being classified as a part of the
population (even though point A clearly behaves more like the population
than point B). On the other hand, Mahalanobis distance takes into
account the sample variability, and therefore, point A will be more likely
classified as belonging to the population than point B.

Presented below are the steps of the algorithm.
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1. For the N frames of learning time (no motion — background frames),
for each pixel position (i, j) we calculate the mean value for that

position.

m., == (3.3.4)

2. Calculate covariance matrix for the N background frames. We will
calculate the covariance between R(red), G(green) and B(blue) color

values. Note that an unbiased sample variance is used.

S So S
COV= Sy S Ser - (3.3.5)
Se Se Sk

3. In the detection phase, for each pixel P(, j) calculate the Mahalanobis
Distance
~ T
D¢ i :(P(i,j) - ”&,i))covl(P(i,j) - ’75,1)) ' (3.3.6)
This distance signifies how much the given pixel P, j)= RGB differs from

the background. If the difference is significant (i.e. greater than a
threshold specified by the user), P(, j)is considered a part of the motion,
and vice versa.

Figure 11 on page 38 demonstrates the difference between

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

The algorithm has two phases: background collection phase, and
motion detection phase. We will analyze both independently.

The first phase, background collection, lasts for only the
predetermined number of frames L31 (learning time). The user can
adjust the learning time: the larger the L value, the better the results.
The following tasks are performed during this phase:

A value for each pixel is added to a buffer each frame

After the sequence of frames has been captured, the mean values

and variance-covariance matrix for the background frame are

calculated.

The first task is nothing more than a simple loop over the image
buffer. Therefore, the complexity of the first task is 3L* N, where N is the
number of pixels in the image, L is the learning time constant, and since
there are 3 values per each pixel, namely, red, green and blue
components, the time is multiplied by three. The second task is
performed once at the end of the stage; nonetheless, it involves some
computations. First, the mean values are computed for the background,
giving 3N. Second, the variance-covariance matrix is computed. The
following observation is useful: this matrix is symmetrical, and therefore,
it is enough to compute only six values instead of nine. Table 1 shows
the pseudo-code that describes a method to calculate this matrix. As it

can be easily seen, inside the outer loop there are only six additions.
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Inside the inner loop, there are six multiplications and six additions, and
three subtractions. Outside the loops, there is a constant number of
addition, subtraction and multiplications (to calculate S and invert the
matrix). Therefore, the total time complexity for this stage is CL* N where

C is the constant number of operations for this phase.

Initialize S2 to O;

for(i=0; i<LEARNING_TIME; i++)

{
Initialize S1 to O;
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; / /1 G S1[1]1+= G*G; / /R
S1[3]1+=B*G; //BG S1[4]+= G*R;//GR Sl1[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 matrix obtained from S.

Table 1: Motion Detection Algorithm Pseudo Code - Covariance Matrix

Calculation.

The second phase, motion detection, is described 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 arithmetic operations (3 subtractions, 11 multiplications, 8
additions, 1 comparison). Therefore, the time complexity of this phase is

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

operations.

for(i=0; i<N*3; i+=3)

{

/1 STEP 1 - calculate Mahalanobis distance
x1 =i; X2 =i+1; X3 = i+2;
dl = 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]);

/'l STEP 2 - classify the pixel
if (D>threshold)

{
Classify this pixel as motion
}
Else
Classify this pixel as background
}

Table 2: Motion Detection Algorithm Pseudo Code - Motion Detection

Phase.

To summarize, we have 3L*N + 3N+CL*N = O(N) time
complexity for the first phase and O(CN)=O(N) for the second phase,
which yields O(N) time complexity per frame for the proposed motion

detection algorithm.




38

3.5 Results

The proposed algorithm was implemented, tested and proven fast and
reliable. Even though conceptually simple, this algorithm was very
precise and gave Ilow false-positive and false-negative pixel
classifications. Due to its specialized nature, the algorithm is limited to a
static background colored in a distinguished color. Nonetheless, it works
fairly well with a complex background as well. It seems to handle poor
lighting conditions graciously and be somewhat insensitive to slight

lighting fluctuation.
In conclusion, the proposed motion detection algorithm proved to
be fast and robust, and, therefore, fulfilled required research goals. The

comparison to Euclidian-based algorithm is shown in Figure 11.

Figure 11: (a) Original sequence (b) Results for Euclidian algorithms

(c) Results for Mahalanobis algorithms



CHAPTER 4

VHM AND MOTION DETECTION ALGORITHM AS A PART OF HCI
SYSTEM
4.1 Virtual GloveBoX (VGX) System description

As it was mentioned in the introduction, this research has been
conducted as part of a NASA Virtual GloveBoX Project supported by
NASA Space Grant/ EPSCoR: “Development of a Nationally Competitive
Program in Computer Vision Technologies for Effective Human-Computer
Interaction in Virtual Environments."”

The Virtual GloveBoX system is designed to be a training facility for
astronauts who will be using Life Sciences Glovebox Facility (LSG)
onboard the International Space Station. The main purpose of Life
Sciences Glovebox Facility is to allow astronauts to conduct complex life
science experiments intended to answer long-standing questions relating
to ability of live organisms to adjust and react to the space environment
[58], [53]. These experiments, including the manipulation of scientific
instruments, performing micro-dissections and collecting tissue

specimens, demand very intensive and detailed training and awareness
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of scientific objectives as well as extensive understanding of
instrumentation and anatomy. The experiments have to be
conducted under strict time constraints, and therefore, in order to obtain
a high success rate on these experiments, the astronauts have to be
highly proficient in these experimental techniques. Nonetheless,
astronauts currently receive only limited Earth-based training with real
specimens and LSG mock-ups.

Therefore, in order to increase the outcome of the advanced biological

space experiments, NASA Ames Research Center

[http:// biovis.arc.nasa.gov/] is developing an immersive virtual
environment system designed to provide astronauts and support crews
with a facility that will allow planning, engineering development and
advanced training activities [51], [36]. The presented study is a part of
this research program, conducted by Computer Graphics and Image

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

4.2 VGX System Architecture Overview
In essence, VGX is a package of virtual environment technologies
consisting of a Glovebox with two armholes, big enough to allow free
unabridged hand motion within the box, several cameras to capture the
hand motion from several points of view, and state-of-the-art software to
process the video input from the cameras and reconstruct the scene in

3D Virtual Reality. The main purpose of the system is to be able to track
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and reconstruct precise position and orientation of the hands and
fingers. Figure 12 shows VGX built by UNLV Computer Graphics and

Image Processing Laboratory team.

Figure 12: UNLV GloveBoX Architecture

The interior of the box is painted light green to make the task of
separating hands from the background easier. Two Pelco CCC-1370 H-2
series cameras with pixel resolution 752x582 and frequency 60 fields per
second are used. The SSAl video capture card used enables
synchronization of the cameras. The issue of synchronization of the video
input is crucial for the whole system since both the camera calibration
and 3D scene restoration are mainly dependant on image

correspondences acquired from images obtained from several cameras.
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At any given time when such correspondences are computed, they will
only give correct results if all the cameras are observing exactly the same
scene at exactly the same time. The analog images obtained from
cameras are transmitted via a cable and a BNC connection to the video
capture card that converts each picture to digital. Notice that no usage of
the CPU is required 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
arithmetic and the SSE for SIMD floating processing extension. Both are
programmed in assembly language. The MMX can perform four 16-bit
multiplications or four 16-bit additions simultaneously. The SSE can
perform four 32-bit floating-point multiplications or four 32-bit floating-

point additions simultaneously.

4.3 VGX System Software Overview
The software for the VGX System is written in C++ and assembly
language. The assembly language used utilizes the MMX and SSE
extension capabilities to optimize 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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Figure 13: Snapshot of GUI of the VGX software

The VGX System software has the following components:
Real-time synchronous video capture
Motion detection and limited motion space separation
Feature Extraction
Camera Calibration and 3D Reconstruction
Computer Graphic Output
Transmission over the Internet
The SSAI custom-built video capture card used for the project supports

up to four cameras and is capable of synchronizing these cameras at the
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video capture card level. The SSAI API provided with the card was used
to obtain synchronized image buffers from two Pelco cameras connected
to the card. Video sequence is captured at 30 frames per second (fps)
from both cameras, then synchronized on the capture card level and

passed to the software (Figure 14).

Figure 14: Synchronous video capture with SSAI video capture card

After all the buffers have been acquired at a specific time, the next
step is to separate the hands from the background, thus providing
limited motion space for the consequent algorithms to decide the type of
gesture performed by the operator’s hands. This is accomplished with the
motion detection algorithm that was specifically developed for this
purpose and is presented in this work. This algorithm is very fast and
suited well for the purpose.

Once the motion is detected, the next phase is to extract specific
features from the limited motion plane obtained from the previous step,
and to find correspondences for these features in all buffers (in this case,

two buffers). The 3x3 grid attached 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).

Figure 15: Preliminary Feature Extraction Aid (3x3 grid attached to the

glove)

In the later stages, a painted glove that allowed for more precise
finger position resolution will be used. With the help of this painted
glove, the directional cosines of the fingers will be reconstructed. The
feature-based algorithms are used as a fast alternative to epipolar
geometry required otherwise to provide point correspondences in the
images).

Before proceeding to 3D reconstruction, the cameras are calibrated
using one of the state-of-the-art calibration algorithms developed at
CGIPL at UNLV as a part of the VGX research work. The camera
calibration is an important step, in which both the intrinsic and extrinsic

camera parameters are obtained. These parameters are essential when
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metric information from a scene is required. Parameters obtained from
calibration process are:

f: focal length

Sx, Sy: scale factors in x & y direction

ro, r,: radial distortion coefficients

T : translation vector from camera coordinates to world coordinates.

R: rotation matrix from camera coordinates to world coordinates
The rotation and translation transformations determine the position of
the camera with respect to the global coordinate system. After that, we
can proceed with the reconstruction of 3D coordinates of the feature
points observed in the object. The basic 3D reconstruction task is
graphically described at Figure 16.

Having points Q in the image from left camera and Q in the
image from right camera, as well as cameras’ positions in world
coordinate system WCS (obtained from calibration process), and cameras
coordinate systems LCS and RCS, the 3D point equivalent to the
projected onto cameras’ image planes points Q and Q is found as an
intersection of two rays Liet and Lright. In the case where the rays do not
intersect due to noise in the image and/ or feature extraction error, a 3D

point is found as a point that minimizes the distance between L, and L.

Once the feature points are reconstructed for the current frame,

the position and orientation of the hand and fingers are calculated and
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input into the VHM module, which positions the virtual hands according

to this input and displays them on the screen.

Figure 16: Basic 3D reconstruction from image point correspondences

Another technique for model parameter estimation based on 3D
reconstruction is the “shape from silhouette” technique that utilized
construction of a visual hull. This technique [1] was used by University of
Nevada in Reno (UNR) research team working on VGX project in parallel
with UNLV team [1]. Visual hull is defined as the maximal volume that,
for all possible views outside the object, gives the same silhouette as the
actual object [52]. A very rapid algorithm [54] for constructing the
inferred (since only a limited number of views is available in reality)
visual hull is used to build an approximation to the real shape of the

object.
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The Virtual GloveBoX system constructed at UNLV CGIPL offers an
option of transmitting the data over Internet. The transmission process is
optimized so that very little amount of information is sent for each frame,
which reduces the network load dramatically. Instead of transmitting
actual image frames or reconstructed 3D data, only directional cosines
for each bone of the hand are transmitted (a total of about 50 floating
point numbers). Then the 3D Hand Model Player software on the client
side accepts this data from the server and for each frame repositions the

hand model on the screen.

Figure 17: Snapshot of VGX Software and VHM



CHAPTER 5

CONCLUSION

As it was mentioned in Chapter 1, the focus of the presented
research was on providing two important tools for the VGX Project,
namely, Virtual Hand Model (VHM), and a fast, robust and
computationally inexpensive motion detection algorithm. Both goals
were achieved.

First, a Virtual Hand Model well suited for the VGX goals was
created and thoroughly tested. It performed well in VGX context, but few
assumptions were made that limited the usability of the model outside of
the mentioned context. The first and most important assumption was
that the joint angles passed into the model to position the fingers were
valid and would not create unnatural states. This assumption was based
on the fact that there was an additional 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 kinematics. 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 skin deformations. Thirdly, no
collision detection algorithm was implemented in the current
version of VHM. Therefore, it was possible for the mesh to overlap
creating non-realistic states. This was compensated by the previously
mentioned software layer that validated the joint angles, which prevented
the mesh from overlapping. In conclusion, the VHM did provide all the
functionality required in VGX context. Nevertheless, it had limited
functionality as stand-alone software. Future work and improvements
include creating a solid constraint system, modeling all major joins of the
human hand including those that have limited impact on its appearance,
and more advanced skinning algorithm that would allow modeling fine
skin deformations such as wrinkles.

Secondly, a fast, robust and computationally inexpensive motion
detection algorithm based on statistical analysis of the video sequence
was introduced, implemented and tested. The algorithm performed
extremely well in context of VGX, as well as outside of that context if the
assumptions were met. The few assumptions made (static background
and first motion-free frames) are typical for the category of the algorithms
to which the proposed algorithm belongs. Future work on this algorithm
would include adaptability of the algorithm to slow environment changes,
and, possibly, the ability of the algorithm to track moving objects over

time.
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In conclusion, the goals of the research were met completely. The
VHM and proposed motion detection algorithm are now an integral part
of current 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
versatile, and suitable for use outside of the VGX context. The motion
detection algorithm can be used outside of the VGX context freely
anywhere where a comparable algorithm from the same category
(background subtraction) is used, even though a few improvements can

be made to make it more powerful.



APPENDIX

MOTION DETECTION SOURCE CODE

File VCMDFilter.h

/1 VCMDFilter.h: interface for the VCMDFilter class. (Variance/ Covariance Based

/1 Motion Detection Filter

FEEELTTL T i i rrrirrriri
/ I contains definitions of stack, queue and list

#include "definitions.h"

/| Filter data

struct FData

{
BYTE* prevFrame; /| previous frame
BYTE* curFrame; / / current frame
int numOfSamples;/ / number of samples
int spp; / | samples per pixel
int bufSize;
int width;
int height;
|3
class CVCMDFilter
{
public:
CVCMDFilter();
virtual ~CVCMDFilter();
void InitProc(FData* data);
void StartProc(FData* data);
void RunProc(FData* data);
void EndProc(FData* data);
protected:
/I class members
int sampleNum;
int m_Width;
int m_Height;
int frm_count;
double* backgrnd; / / will store means in there
double threshold;
double S[9];/ ] variance/ covariance matrix
mat3 cov; / / variance/ covariance matrix (inversed)
|3
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File VCMDFilter.cpp

/1 VCMDFilter.cpp: implementation of the VCMDFilter class.

/1

FEEETEEE i bbb irrrr
#include "VCMDFilter.h"

TLLLLIEE i iirirrirririirrirrlng
/] Construction/ Destruction
[HEELTEEL i rirriirirrirrirrirrlng

CVCMDFilter::CVCMDFilter()

{
fdata.curFrame =
fdata.prevFrame = NULL;
bwWindow = NULL;
sampleNum = 0;
backgrnd = NULL;
frm_count = 0;

}

CVCMDFilter::~CVCMDFilter()

{
}

void CVCMDFilter::InitProc(FData* data)
{
VERIFY(data);
fdata.bufSize = data->bufSize;
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::StartProc(FData* data)

VERIFY(fdata.curFrame == NULL);
VERIFY(fdata.bufSize>0);

}

/ ********************************************/

/* This function assumes "garbage frames" for ADAPTING_TIME,

/ * static background for LEARNING_TIME, then substructs every new frame
* from the background, constructed during LEARNING_TIME.

*

*/

void CVCMDFilter::RunProc(FData* data)

{
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int BufferLen = data->bufSize;
BYTE* pBuffer = data->curFrame;

if(lBufferLen) return;

if(sampleNum<=ADAPTING_TIME)
{/ I'just skip the frames
if(lsampleNum)
{
/ | allocate memory for the background image
backgrnd = new double [BufferLen];
memset(backgrnd,0,BufferLen*sizeof(double));

/I allocate memory for LEARNING_TIME window of frames
bWindow = new CMyQueue<BYTE>( LEARNING_TIME,
BufferLen );
}

sampleNum++;
return;

}

else

/1 This is the LEARNING PHASE - construct the background
L
if(sampleNum<=LEARNING_TIME+ADAPTING_TIME)

{

sampleNum++;
bwWindow->AddSample(pBuffer);

/ I update background - will use later to calculate means
for(int i=0; i<BufferLen; i++)
backgrnd[i]+=pBuffer|i];

/ I last frame of the learning phase
if(sampleNum==LEARNING_TIME+ADAPTING_TIME+1)

{

/| CALCULATE VARIANCE/ COVARIANCE MATRIX
// STEP 1 - calculate means
double factor = 1.0/ LEARNING_TIME;

/| calculate means
for(int j=0; j<BufferLen; j++)
backgrnd[j]*=factor;

/| STEP 2:
/I calculate S == global square root of average variance(deviation)
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/ I better to do it once here. This is just an approximation of the
/| deviation but we care more about the speed of this thing.
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(int 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(int j=0; j<BufferLen; j+=3)
{
/1B
tempB = sample[j]-backgrnd]j];
S1[0]+=tempB*tempB;

/11G
tempG = sample[j+1]-backgrnd[j+1];
S1[1]+=tempG*tempG;

/1R
tempR = sample[j+2]-backgrnd[j+2];
S1[2]+= tempR*tempR,;

/11 BG
S1[3]+= tempB*tempG;
/1 GR
S1[4]+=tempG*tempR,;
/1 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); / /1 G 1
S[2] = (S2[2]*factor); / /I R 2
S[3] = (S2[3]*factor); / / BG 3
S[4] = (S2[4]*factor); / / GR 4
S[5] = (S2[5]*factor); //BR 5



/] set up the matrix and invert it
/1B, 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);

if(m_StatusWnd)
m_StatusWnd->SetWindowText("Detecting Motion");

/| STEP 3: Build histogram and determine the threshold
int x1, x2, x3;
double d1, d2, d3, D;
memset (HistoD, 0, HISTO_SIZE_POW?2* sizeof(int));
for(i=0; i<BufferLen; i+=3)
{

/| STEP 3.1 - calculate 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 =di1*dl*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]);

}
}
return;
}
else
[ = e e e e

/] Thisis MOTION DETECTION PHASE - subtract current frame from
/] the backgrnd

/1
{

double d1, d2, d3;
double D;

nt x1, x2, x3;
nt counter = 0;

memset(HistoD, 0, HISTO_SIZE_POW2*sizeof(int));

f
{

or(int i=0; i<BufferLen; i+=3)

// STEP 1 - calculate Mahalanobis distance
x1 =i; x2 =i+1; x3 = i+2;
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d1 = pBuffer[x1] - backgrnd[x1];
d2 = pBuffer[x2] - backgrnd[x2];
d3 = pBuffer[x3] - backgrnd[x3];

D =dil*dl*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]);

/1 STEP 2 - classify the pixel
if (D>60)
{/ | Foreground
fdata.prevFrame[counter++] = 255;
}

else
{/ I 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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