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Abstract

Optical pose recognition of the hand is an extremely attractive method for user-computer
interaction in many applications. The image of a hand in the frame of a video camera is
processed and the pose it is making, its current finger configuration, is detected. Often
combined with position tracking, it allows for a very natural way of giving commands.
Furthermore, it alleviates the use of sometimes cumbersome pieces of hardware. Within
immersive virtual reality systems, the liberty of movement of the commanding hand
requires extra considerations not normally dealt with by typical optical hand posture
recognition interfaces for desktop system applications. This research proposes an
artificial neural network approach to the recognition of hand postures. The optical capture
inside an immersive virtual reality workspace and the extraction of features of this hand

are facilitated by the use of a specially coded color glove.
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Chapter 1

Introduction

1.1 Motivation

It has become almost natural for today’s human to interact with a computer by use of a
mouse and a keyboard. With advances in the development of 3D display technologies,
and as new applications evolve into sophisticate interactive virtual reality experiences,
new methods for interacting with these systems must be explored. One method of
interaction which people tend to use in day-to-day life, sometimes even unconsciously, is
the hand gesture.

As opposed to traditional interaction methods using physical hardware devices, optical
hand gesture recognition is much less intrusive and more convenient for exploring 3D
virtual worlds. One or more cameras around a virtual reality (VR) display system capture
the video of the user and detect his/her hand (Figure 1.1). The recognized posture of the
hand can be interpreted as a control mode, and tracking of its dynamics used to infer the

3D manipulation required within the application [1, 2, 3].

14



Chapter 1. Introduction

Figure 1.1 - Hand recognition used in an immersive VR application

Other applications could also benefit from the use of a flexible and real-time glove-based
optical posture recognition system. Remote control, training (for example: piano playing,
guitar playing [4]), interfacing with the hearing impaired, all could make use of such a
system.

While much research has already tackled the problem of optical hand posture recognition,
many restrictions usually apply, such as severe limits in detected hand orientation,
restrictions in allowable background environment, or computationally intensive

algorithms which restrain its use in real-time applications.
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Chapter 1. Introduction

1.2 Problem Statement

We wish to enable the use of the user’s hand as an interaction peripheral for immersive
VR applications, using one (or more) simple fixed video camera(s) to capture the moving
hand. Specifically, this user interface should work within an immersive VR display
system where the movement of the hand is not restricted into staying in a plane parallel to
the cameras’ sensors. The hand of the user is free to move and rotate inside a volume that
the user perceives as part of some virtual space. Within that space, the user’s hand could
take various postures to mean different intended interactions, such as pointing for moving
in the direction of the index finger, closed fist for stopping, or making a C shape for
grabbing, for example. A good number of hand postures should be recognizable. Also,
the interactive nature of this user interface puts further constraints on the speed of all

processing involved.

1.3 Proposed Solution

This research will present an artificial neural network technique for optical hand posture
recognition using a color-coded glove. The proposed method allows for detecting, within
a captured video frame, the posture a single gloved hand assumes, in a very wide range of
view orientations and distances from a camera. An estimation of the hand orientation
relative to the camera is also derived by this recognition system. We propose the use of a

color-coded glove to aid in directly obtaining meaningful features and to ease the image

16



Chapter 1. Introduction

segmentation work required. A set of feed-forward artificial neural networks with voting
and space partitioning is used for posture detection and hand orientation estimation from
the extracted features. All proposed solutions are chosen to perform together at

interactive rate.

1.4 Contributions

As a result of the work done as part of this thesis, we have:
e Developed the groundwork for a real-time optical hand posture recognition
system, using a color-coded glove.
e Developed a method for specializing ANN systems to achieve better recognition
and better training performance.
e Developed a 3D hand model that can be animated realistically, and a control
framework to render various 2D views of this hand.
e Developed a real-time image segmentation algorithm for the purpose of detecting
a number of specific uniformly-colored objects.
Future research, especially for achieving better segmentation of the color glove within the
video frames, should allow us to complete this work into a usable system for VR

interaction as envisioned by this thesis.

17



1.5

Chapter 1. Introduction

Thesis Qutline

Following this introductory chapter, this thesis will be organized as follows:

Chapter 2 reviews the main technologies used in this research, as well as some of
the previous work done on this topic.

Chapter 3 describes the various design issues and the options that this research
had to consider, and the rationale behind its choices.

Chapter 4 discusses the issues of proper and effective learning by the artificial
neural networks and strategies employed to help this process.

Chapter 5 provides an overview of the results achieved using the proposed
methods and analyzes them.

Chapter 6 concludes this thesis with a discussion on the results achieved and

possible future research directions.
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Chapter 2

Background

2.1 Immersive Virtual Reality

What makes someone perceive the three-dimensions of the real world is well summarized
by Cruz-Neira et al [S]. It is the depth cues provided by:
«

I- Occlusion (hidden surface)

2- Perspective projection

3- Binocular disparity (stereo-glasses)

4- Motion parallax (head motion)

5- Convergence (amount eyes rotate toward center of interest, basically your optical

range finder)

6- Accommodation (eye focus, like a single-lens reflex as range finder)

7- Atmospheric (fog)

8- Lighting and Shadows

»

20



Chapter 2. Background

All of 1, 2, 7 and 8 can easily be rendered with conventional computer graphics
techniques. With the help of a head position and orientation tracking, 4 and 5 can be
added. For binocular disparity (3) to be rendered on a projected surface requires clever
physical manipulation of the imaging process. Typically, for quality rendering that does
not affect the perception of colors, this can either be done by time-division or light-
polarization multiplexing of the left-eye and right-eye images. Accommodation (6)
cannot be represented in such a system, but “user learns to ignore the fact that everything
is in focus” [5].

Immersive virtual reality systems could be described as systems that provide enough of
the visual perception cues to make its users believe that the virtual material presented is
part of their real spaces. Such systems for making users feel immersed in a virtual reality
world have been around for sometime in various forms, the most popular and successful
of which has been the CAVE system [5]. Until recently, because of the prohibitive cost of
many required components, their accessibility has been limited to rich research facilities.
This started to change recently with the advent of newer, more affordable computer and
display technologies. The DIVINE system [6] is an example of a lower cost immersive

VR system (designed by this author). Following are descriptions of these two systems.

2.1.1 CAVE

Immersive projection-based virtual reality setups like CAVE fill the field of view of the
participants by projecting stereo imagery, rendered for one user’s perspective, on large

screens completely surrounding the users (Figure 2.1).

21



Chapter 2. Background

Figure 2.1 - A CAVE system

Screens are typically arranged at right angle to each other. A head tracking device
provides position and orientation information of the user’s head relative to the origin of
the virtual world coordinate system. This information is used in the graphics rendering
loop to give the sense of presence in the virtual world to the user. Stereo imaging is
generally delivered to the user by help of some special glasses that filter out left and right
eye views of the scene from the opposite eyes. Navigation and interaction within these
systems is normally done with help of a special VR controller which is also tracked in

space.

2.1.2  DIVINE

DIVINE is a personal desk-like virtual reality workspace that has “immersive” qualities
similar to the afore-mentioned CAVE system. While its screens don’t completely
surround the participants in virtual imagery, it allows for collaborative manipulation and
visualization of virtual objects that would normally be done in a desk-like setting in

reality (Figure 2.2). Its operator is made to believe that the objects and scenes represented

22



Chapter 2. Background

in the virtual space are virtually present in the projected space. This is achieved by means
of user-tracked stereo perspective rendering on orthogonally arranged projection screens,

in the same way as in the CAVE. What sets DIVINE apart is mainly the increased

Figure 2.2 - DIVINE system in action

relative resolution of its screens since it is concentrated in this table workspace. At the
same time, video cameras can be mounted near and at close to user’s height for
applications that makes use of video capture (i.e.: 3D video-conferencing, optical hand

posture recognition, optical tracking, etc).

2.1.3 VR Controllers

While immersed in these systems, the users may want to control their virtual
environment, such as navigating or modifying the objects within them. This is normally
done by use of an electronic controller box, similar to a computer mouse, called a wand.
This wand is tracked in 3D space. Some buttons on it allow for triggering interaction
modes that are provided by the application such as moving around in the virtual world or

interacting with objects.
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Chapter 2. Background

It is this type of VR controller that a real-time optical hand posture recognition system

such as the one envisioned in this thesis proposes to replace.

2.1.3.1 Instrumented Glove

Instrumented gloves are gloves with various types of sensors directly attached to them.
They sense physical changes of some parts of interest on the hand. The information from
the sensors is then interpreted to recovef the current hand configuration.

Instrumented glove technologies have been available for some time. Nintendo released an
instrumented glove for its gaming console back in 1989. This Power Glove, as they called
it, provided basic 4-state bend detection for four of the fingers.

More recently, Immersion Corporation released a wireless version of its Cyberglove
product [7]. This glove provides either 18 or 22 sensors with relatively good accuracy
and fast data rate.

While the former is heavy, inflexible, cumbersome and no longer available, and the latter
is very expensive, these and other similar instrumented glove devices could be used as
interface for VR applications like the ones described in this research. Of course, other
issues such as measurement precision and wiring constraints might also affect their
effectiveness for this task, and in the end, a proper interpretation of the sensor data would

still be necessary for posture recognition [8].

2,132 3D Tracking
Various form of 3D tracking sensors exist. Their purpose is to provide 3D information of
the position and also usually the orientation of some point in reference to a base

coordinate system. The device attached to the tracked point is called the tracker.
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Chapter 2. Background

Inside Immersive VR systems, a tracker is attached to the head of the user so that the
system can generate the graphical representation of the virtual world to the user’s eyes’
perspective. Another tracker is normally attached to a control interface device for
navigation and interaction with the virtual environment,

Tracking can also be done by interpreting the position of some features inside video
frames using one or more cameras. This is called optical tracking [9].

Optical position and orientation tracking of the color-glove used in this work, in addition
to the proposed posture recognition, could also be possible, but is left for future research.
We assume that the 3D position of the gloved hand would be tracked independently from

our posture recognition system to complement the VR application control interface.

2.1.3.1 Multi-point Optical Hand Tracking

Multiple points can be tracked on a hand and then mapped, via specialized software, to a
predefined 3D kinematic model. Commercial systems such as ones offered by Vicon [10]
can do this with relatively high accuracy and at an interactive rate. They require using
multiple specialized video cameras positioned appropriately. Special markers must be
physically attached to the points on the hand to be tracked.

A pre-marked glove combined with such a system could be used as a VR controller like
this research proposes, provided the posture recognition process is handled appropriately.
This however might not prove to be a cost effective solution considering the relatively

high price of these optical tracking systems.
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Chapter 2. Background

2.2 Human Hand Physiology

The human hand is a complex system of five articulated fingers and a palm. It is

composed of the skeletal structure pictured in Figure 2.3. This structure is highly

malleable.

DIP - Distal Interphalangeal

oints (1 DOF)
Thumb IP
Joint (1 DOF) PIP - Proximal Interphalangeal
Joints (1 DOF)
MCP ~ Metacarpophalangeal
Thumb MP Joints (2 DOF)
Joint (1 DOF)
Metaca rpocarpal
Trapeziometacarpal Joints (1 DOF on digit 4 and 5)
Joint (3 DOF)

Figure 2.3 - Human Hand Skeletal Structure

Most hand joints can only provide rotation in one axis. This is the case for all Distal
Interphalangeal (DIP) and Proximal Interphalangeal (PIP) joints, as well as for the
Thumb Interphalangeal and Metacarpophalangeal joints and for the Metacarpocarpal
joint of the ring and little finger. The Metacarpophalangeal (MCP) joints of all fingers
(except the thumb which doesn’t have such a joint) are articulated in 2 axes and the
thumb Trapeziometacarpal joint is articulated in 3 axes. Overall, the hand can be said to

have 23 articulations, or 23 degrees of freedom (DQOF).

26



Chapter 2. Background

Further to the movements provided by this skeletal structure, muscles, skin and tendons

also affect the visual appearance of the shape of the hand as it is animated.

2.3 Computer Animation

Computer animation software systems allow us to model objects and structures in some
virtual space so that they can be rendered by the computer in various controllable ways
(i.e. viewed through a virtual camera), and affected by diverse virtual environmental
factors such as lights, fog, etc. They also permit to program how the objects, structures as
well as the visualization parameters change or move over time in the scene, and how they
interact with each other.

One popular software for 3D animation is Maya (by Autodesk). It provides capabilities
for 3D modeling, keyframe animation, simulation of dynamic systems using skeletons,
forward or reverse kinematics, deformations and rendering with various shading effect to

name a few.

2.3.1 3D Modeling

3D modeling refers to the design of object representations in virtual 3D space. The
geometry of the objects is described, as well as the material and properties of its parts.
Several geometrical representations exist, the most popular one being the polygonal
model. This model provides a good compromise between the quality of its representation,

its scalability, flexibility, usability, and the computational complexity involved in using
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and rendering them. Other models, such as NURBS provide smoother visual rendering,

but usually at the cost of increased complexity.

2.3.2 Keyframe Animation

In computer animation, a frame refers to the representation of the models in the scene at a
given time. When animating, we can simplify the description of the motion or change of
shape of objects by only describing their position or shape at “key” frames. For the
frames in-between keyframes, the objects are made to change position or shape according

to mathematical functions that interpolate between these keyframes.

2.3.3 Dynamic Systems Animation

Objects can be defined to relate to other objects in ways that affect their movement and
shape. For example, in a dynamic arm model, a hand object is related to a forearm object
and will move in space in relation to the forearm’s movements. The shape of objects can
also change in relation to other objects. When the forearm is rotated around the elbow
joint, the upper arm’s shape changes as the bicep muscle contracts and itself changes
shape. Several techniques for describing dynamic systems are usually available within
computer animation software. Some of them, used in this research, are introduced in this

section,

2331 Skinning and Skeletons
Skinning is the process of defining a skeleton within a 3D object, or in other words,
defining it as a skin attached to a bone structure. The surfaces and edges of the object are

defined to be attached to the bones of this skeleton in some specific way. The skeleton
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itself is defined as a set of bones and joints with relationships between each other. This
skeleton does not necessarily have a visual representation for rendering purposes, but is
used as a dynamic structure for the model’s animation. The surfaces of the skinned object

can be made to move or deform in various ways in relation to changes in its skeletal

structure.

If we come back to our arm example of the previous section, the polygonal model of an
arm (a single static object) can be skinned into a fully animation-enabled arm by defining
a skeleton for it with a joint at its root (the shoulder), another one at the elbow and one at
the wrist. We then can define how the skin bends at the elbow joint when it rotates, and

how the forearm skin follows the movement of the bone it’s attached to when this one

rotates around the elbow.

2332 Forward and Inverse Kinematics

In a linked system such as the skeleton described in the previous section, articulations
and bones are defined to be in a parent-child tree relationship, starting at some root.
Forward kinematics is the functional relationship that dictates how children nodes of such
a linked system move in relation to their parents.

Inverse kinematics defines the opposite function, namely, how parent nodes move in
relation to its children. This latter function is more complex as there can be multiple
solutions or no solution at all for some children movement. These problems are usually
solved by constraining the movements of the affected nodes.

These two functions on kinematic chains are normally available in computer animation

software, and can greatly help the process of animation.
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2333 Deformation
Computer animation software normally provides the mechanism for animating dynamic
deformation of objects. For instance, when our arm of the earlier example bends at the
elbow, we might wish to have the upper arm change shape to simulate the effect of the
bicep contracting.
Other type of deformation such as the effect of collision between objects, or the wiggling
of skin in effect to gravity can sometimes also be simulated, depending on the software

capabilities.

2.34 Rendering

Rendering, in computer animation, is the process of generating the 2D images
representing a virtual camera’s view of the modeled 3D scene at a given time. This
rendering process can be affected by various environmental factors. Lights, material
properties, camera properties, fog, artificial noise, and many other factors can all play a

role in the rendering process, and affect the appearance of the objects in the scene.

24  Computer Vision

Computer vision is the field of computer science which is concerned with the conversion
of digitized images into representations that the computer can use for obtaining
information and for making autonomous decisions. One key process used in converting

these images into higher-level representation is image segmentation.
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2.4.1 Image Segmentation

Image segmentation is the process of separating parts of digital images into multiple
regions for higher-level interpretation and analysis. Usual interpretation of segmented
areas is that the pixels in a same segment are part of the same physical object, or of one

of its visually notable component.

24.1.1 Threshold Color Filtering
If we know the approximate color values we expect for some uniformly-colored object
we wish to locate, we can filter out all the pixels that are not close to these values
(difference above the threshold), and obtain the location of pixels that should contain the
object. This is the basic principle for threshold color filtering methods applied to
segmentation. Different distance metrics can be used to determine this relative closeness
of color pairs, the most common of which is the Euclidian distance of the color points in

its color space. In this case, the segmentation process is described by:

0, ‘Ig(i,j) - Ek > Threshold(ak)

LG, )=

1 ‘ﬁ(i, )= Cil < Threshold (Ci)

where 7, (i, j) is the binary image resulting from the segmentation for the color class %,
7’(1’, J) is the color vector at pixel location (i, j) in the image we are segmenting from,

Cy is the color descriptor for class £.
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Sometimes, changing the color space model of the image helps to better delimit the
objects we look to segment. For example, using “rg-chromaticity” color space
transformation (a.k.a. normalized RGB), the color values of the object’s pixels can
become less dependent on the lighting conditions.

rg-chromaticity’s components are related to RGB by the following:

___R __ G ., B
(R+G+B) 5 (R+G+B) ~ (R+G+B)

Since the b component value is equivalent to simply 1—-(r+g), it is usually left out in

this color representation.

There are other popular color spaces which propose similar independence from lighting
conditions such as HSV or HSL. In these specific spaces, using Euclidian distance is
troublesome since one component is cyclic. Other spaces, like CIE 1.*a*b*, have a more
complex (and lengthy) conversion procedure from its RGB counterpart, and might not be
appropriate for real-time computer vision processes.

A combination of color threshold filtering on multiple color spaces can be used to

increase the precision of the segmentation, in detriment to an increased computational

load.
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2.5 Digital Camera Technologies

2.5.1 Image Sensor

Part of every digital camera, the image sensor converts light intensity at multiple points
of the sensor (pixels) into an electrical signal which is ultimately interpreted by other
electronic components into digital image information.

The most popular image sensor technologies (CMOS, CCD) used in common digital
video camera don’t detect color information directly, but instead rely on color filters

aligned on top of the sensor to infer color. The usual approach is to use a Bayer filter.

2.5.2 Bayer Filter

This filter is composed of a mosaic of red, green and blue pixel size color filters,

organized in a grid in a specific arrangement as pictured in Figure 2.4.

Figure 2.4 - Bayer filter's arrangement of individual
color pixel filters over an image sensor array.
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The number of green filter pixels is twice that of the other two individual color
components (50% green, 25% red and 25% blue). This extra number of green pixels
gives the underlying sensor a greater overall sensitivity to green light and therefore to
luminance, like the human eye does.

The resulting raw image from a sensor using this Bayer filter must be processed by a so-
called demosaicing algorithm. This algorithm interpolates the proper color of the image

pixels from the raw color-filtered mosaic.

2.5.3 Lens

The lens of a camera is used to focus light coming from its field of view onto the image
sensor. The image produced on the sensor is usually affected by some form of radial
distortion caused by the shape of the lens. This distortion can be somewhat corrected by

software given some pre-measurement of the lens’ projective geometry.

2.6 Artificial Neural Networks

Artificial neural networks (ANNSs) are computational models inspired from the biological
neural networks of the human brain. It is composed of elementary computation units,
named neurons (after their biological counterparts), which are interconnected in ways to
try to approximate some useful function. Its computation is highly parallel, each element
operating only on its own (local) inputs. Normally initialized at random, the parameters
of its elements are tuned by use of special learning algorithms in order to teach the
complete network to achieve its goals as best as it can.
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There are two main families of ANNs, distinguished by their learning style. One family
learns in a supervised way, by being shown input-output relationships. The other family
learns unsupervised — it learns to organize its input space. The internal organization of the
network is the ultimate interest in this family of ANNs.

In this research, we are only concerned with the first family of networks using supervised

learning algorithms.

2.6.1  Artificial neurons

Individual neurons are modeled as pictured below (Figure 2.5):

Input layer

J{N N
w
P, 64 bG\
1739’J . Z d
Pko/ i

Figure 2.5 - Artificial neuron model
Its output ¢ is computed by
t =fWwp+sb)
The activation function f can take many forms, as long as it is differentiable (this

restriction comes from the learning algorithms used). Transfer functions used in this

research (as defined by Matlab [11]) are the following:
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purelin
The purelin function is computed by
f(x)=x
This transfer function (equivalent to not having a transfer function at all), is
normally used in the output layer. It allows the network to generate continuous-

valued outputs with no known bounds.

tansig
The tansig function is computed by

2
f(x)—m—l

Its response curve is pictured below (Figure 2.6).

Figure 2.6 - Tansig activation function

It is said to be numerically equivalent to the hyperbolic tangent function tanh, but

faster to compute.
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2.6.2 Feed-forward Neural Networks

Feed-forward neural networks are a generic class of networks where neuron inter-

connections don’t form cycles.

2.6.3  Multi-Layer Perceptron

One of the most successful ANN architecture is the multi-layer perceptron (MLP). It is a
feed-forward neural network composed of one input layer, one or more hidden layer(s)
with sigmoid transfer functions (fansig in our case), and one output layer (possibly using
a linear transfer function). Adjacent layers are fully inter-connected.

It is said that MLPs can learn to approximate any continuous function f:R" — R" with
just onc hidden layer using a sigmoid activation function. Although it might seem

unnecessary, having more than one hidden layer can affect how fast the function can be

learnt.
Input layer Hidden layer 1 Hidden layer 2 Output layer
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Figure 2.7 - Architecture of a two hidden-layers MLP network
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For a two hidden layers network such as the one pictured in Figure 2.7, the outputs are

computed by:
A AT A e N

The outputs of MLPs of other architectures are similarly derived.

2.6.4 Feed-forward Neural Networks Training

Training of a feed-forward neural network consists in iteratively tuning its weights and
biases based on its response to the training samples. It is done by a process called back-
propagation, which performs computation of the performance gradient (based on mean
square error) by stepping backwards through the network. In this research, training of the
ANNs was done using batch mode algorithms which require that the complete training
set of samples be processed at each epoch (iteration of the training process). Specifically,
we’ve used the MATLAB implementation of the Levenberg-Marquardt (trainlm) and the

scaled conjugate gradient algorithms (trainscg).

2.7 Previous Work

There has been extensive research done on the topic of posture recognition. Many of
them use an instrumented glove to acquire its data. Of the ones that propose to recognize

postures using computer vision technology, few allow the degree of liberty in hand
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orientation required by our application. Following is a brief overview of some related

research that would offer the required hand orientation freedom.

2.7.1 Brief Overview of Related Research

In [12, 13, 14], a color-coded glove is used to track a hand’s finger configuration and
resorts to inter-frame tracking and model fitting to recover joint angles on a kinematic
hand model. With this tracking strategy, an initialization step is required since it is
assumed that the hand configuration from the previous frame is known and correct. The
allowed orientation of the hand relative to the camera is usually flexible when using this
approach. The higher level task of classification of the hand posture can be somewhat
simplified by working directly with 3D hand features, but it is a process which must be
handled separately.

Other approaches consider selecting closest match by database indexing [15, 16, 17], and
some combining it with a form of temporal tracking assumption for speeding up the
record retrieval process [18, 19], all of these using silhouette contour based features.
When using this approach, features from the hand image to be recognized are extracted
and then compared with those of each image in a set of reference (key) images,
calculating distance is some metric and selecting the nearest one. This process is
cascaded to finally decide on the closest matching hand configuration. With temporal
information taken into consideration, it is initially assumed that the reference key of the
first level indexing is the same one as for the previous frame, speeding up the recognition

process if this assumption proves right.
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Also using silhouette based features, and a maximum a posteriori framework to classify a
set of 15 postures, multiple cameras are used in [20]. An active contour model based on
level sets evolves the hand silhouette’s curve, This curve is then used to derive a shape
context descriptor which is compared to all possible cases in the synthesized dataset of
detectable hand postures and evaluate their likelihood. They achieve 81.5% recognition
in their best case when employing two cameras.

In [21, 22], moment invariants of the hand silhouettes are used as features in their
specialized mappings architecture. Following this architecture, they segment the input
featurc space of the posture estimation framework by way of the expectation
maximization algorithm, Artificial neural networks are then employed on the input space
segments for posture estimation. The framework formulates multiple hypotheses. A

map-back function verifies the likelihood of these hypotheses.
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Recognizing the Hand

3.1 Features for Recognition

From the direct observation of a hand in any posture, it appears that humans can make a
pretty good guess of the configuration of all its fingers. Stereo-vision seems to have little
effect on this capacity. We can distinguish the observable features, and make-up for
missing visual information with our knowledge of the hand’s morphology.

Directly assessable features for human recognition comprise:

fingernails location

skin creases location

fingers length

fingers bend

global hand shape derived from detection of skin color
All these features are then matched to our prior knowledge of “possible” hand shapes for

validation, and disambiguation [23].
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In this research, the process of visual recognition — to be done by a computer, not a
human - is somewhat simplified. The intention here is to provide visual features that
directly relate to each finger individually. The higher-level task of the recognition of each
finger then becomes unnecessary. This takes out a lot of the guesswork that humans can
do, but proves difficult for computers.

Our strategy for helping this recognition consists in completely covering each finger and
the palm by a unique uniform color (approach which we’ve later found was similarly
used by Lamar [24] and also to some extent by Bebis et al [25]). These colors would be
chosen as to leave the greatest possible distance between themselves in the RGB color

space, excluding black and white. These colors form the set of the following RGB

relative values: {(0,0,1),(0,1,0),(1,0,0),(1,0,1),(1,1,0),(0,1,1)}. This set corresponds to

colors we would label as {“blue”,”green”,’red”,”magenta”,”yellow”,”cyan”}

respectively.

Figure 3.1 - Choice of color-coded visual features
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A glove providing this color-coding is to be devised, and would be worn over the hand to
be recognized by the system. Since digital cameras typically capture colors by using a
RGB Bayer filter [26] over a monochromatic sensor array, using these colors on the
fingers is believed to be the optimal way of separately detecting each finger and palm.
Also, by using extreme color values, filtering out other objects and the background

should also be simplified.

3.2 Recognition Process

Now that we have conceptualized this glove to help our recognition task, we need to
decide what exactly we wish to recognize from the view of this gloved hand. One option
is to find approximations for the rotation angles of all the articulations involved in the

viewed posture of the hand. This corresponds to the regression task of finding the

function approximation f~ :R" —> R™ which models the relationship, where 7 is the

dimension of our input feature vector (extracted from the input image of the viewed
hand-in-glove), and m is the DOF of our hand model +2 viewpoint orientation axis.
Another option is to categorize a set of postures that we wish to recognized, and classify
the viewed hand as belonging to a specific class. This in turn corresponds to the task of
finding the function f :R" — {a,,...,a,}which models the classification relationship
between the input feature vector and the set of m class labels.

We will discuss the two approaches in the following sections, and explain how we

experimented with each one in this research.
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The choice of using artificial neural networks for our machine learning method was
determined mainly because of its proven ability to learn by example, to properly
generalize solutions and for its simple and speedy computation once defined. Other

machine learning techniques could be explored but is left as future research.

3.2.1 Regression

In this research, we jumped carly-on into experimenting with this ANN regression
problem without much consideration. We were quickly shown by the results that a more
poised analysis and maybe a different approach (classification) might be in order.

For neural networks to be able to do appropriate regression on a function, enough
examples must be provided, for every independent dimension of its outputs, sampled
regularly over their complete ranges. Indeed, a neural network can only learn in the
ranges that it is shown, and failure to cover the output range will lead to unpredictable
results in the uncovered or under-sampled areas.

For our hand articulations angles estimation task, it means that we need examples of the
hand viewed with its every articulations varied over their entire range of motion, for
every configuration (i.e. for every set of other articulation values that are sampled), as
well as for every viewpoint orientation. This is clearly an overwhelming number of
samples to deal with.

If we let every 23 articulation angles (for our 23 DOF hand model) vary between 3
values: both the extreme of its range, and a middle value; the number of samples needed

would be 3”. Adding variations of the view orientation in steps of 15° around both the X

and Y axes, the number of these samples then becomes approximately 2.4 x 10" . And this
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is only the minimum number of samples to ensure range coverage in the training set. We
would need another validation set of examples of maybe one or two thirds this size to
verify that the trained network did learn what was intended.

Simplification of the problem is possible. Indeed, we don’t need to model the problem as
a single function of 25 dimensions. Some segmentation of the function is possible.
Furthermore a few finger articulations are somewhat dependent on others [27]. Also,
some articulations have a very narrow range of rotational freedom and could be ignored.
In our case, we have tried to simply learn what could be learnt from a fixed length
animation sequence of a hand dynamically changing posture. The postures and ranges of
motion shown were somewhat arbitrary, but the animation was modeled to move in a
natural way by mapping it to a real-life video capture of a hand changing posture (method
to be described in more details in the following sections). This was done in an attempt to
also represent the constraints of the motions of the human hand.

ANN learning issues of this approach will be further discussed in the next chapter, and its
results in chapter 5.

However, for the purpose of providing an interface for immersive VR systems, it might
be more appropriate to do classification of our visual features directly. Indeed, the
posture’s articulation angles that we would obtain by regression would still need to be

classified for detecting commands.
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3.2.2 Classification

The problem of classification is a bit more flexible in that not all articulation angles need
to be exemplified. Difference between the classes is what is learnt by the ANN.

One issue with this approach is that the output space is divided by as many classes as
there are to be classified. To teach a network to detect a specific posture, it must also be
able to detect what is NOT this posture. This implies that the “non-posture” space must
also be defined and exemplified in the training of the network. Luckily, with a large
enough number of classes, we can simplify this non-posture space as the union of all
other class spaces.

In this research, we’ve experimented with the classification of 20 different postures
chosen more or less arbitrarily, but varied enough so that we can get an idea of the kind

of differences that can be learnt (Figure 3.2).

Figure 3.2 - The front view of then 20 hand postures chosen for classification

Other classification experiments were conducted using frames of a real segmented video

sequence of a hand-in-color-glove, to classify the same 20 postures.
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3.3 Providing Learning Material

In this research, in both cases of regression and classification, we wish to use a
supervised artificial neural network machine learning approach which requires the use of
many examples for teaching it our inputs-outputs relationships. We therefore need to find
a way to generate the many examples.
One approach which was considered consisted in taking measurements from an
instrumented glove such as the Cyberglove with a color glove fitted over it. Optical
features could have been extracted in the same way as intended in the final application:
by capturing using a camera, segmenting the color areas and measuring our set of
features. Corresponding articulation angles would be available from the instrumented
glove.
However, this approach was discarded for the following reasons:

- The Cyberglove is too bulky for our application. It affects the appearance of the

hand wearing the color-glove.

- The Cyberglove is relatively imprecise and uses a simplified hand model
(although the manufacturer claims high precision for their glove’s sensors, we
find that other factors, such as the rigidity of the material, leads to a much lesser

precision).

- We would need both a color glove and the proper image segmentation routine
before validating our regression or classification methods (which we want to

validate first).
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- It would be very time consuming (and hard to control) to generate a dataset for

training and testing of our neural networks using this method.

Simulating views of a hand in glove using computer animation software was found to be
a much more suitable method for our needs. The degree of control of all the posture
parameters and the virtual camera is absolute, but all the factors affecting the hand’s

appearance must be properly modeled.

34 Hand Model and Animation

The anthropometric properties as well as the animation capabilities of the simulated hand
representation should be carefully modeled to correspond closely to that of a real hand in
order to get a realistic mapping of our input domain to the hand’s appearance features.

This section describes the techniques used for creating such a hand model.
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3.4.1 3D Hand Model

A generic polygonal right hand model was extracted and imported from a license-free 3D
polygonal model library of humans. The model was then modified to better correspond to
the hand of the author (Figure 3.3), which would be used later on for real image testing

purposes.

Figure 3.3 - Example of the anthropometric measurements of a hand

Also, the texture of the fingers and the palm had to be modified to represent the hand
wearing a color glove. To do so, some edges of the polygonal model had to be changed or
added to properly represent the structure of the glove, with the colored finger parts

ending where the real glove’s would (see Figure 3.4).
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Figure 3.4 - 3D Polygonal Hand Model

Skinning was done to define an appropriate skeleton that would correspond to a real hand
structure. Location of the articulations had to be carefully selected and their rotational

axes and constraints properly set.

Figure 3.5 - Hand Model Skeletal Structure
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Extra care was needed in the definition of how the skin is affected by the rotation of the
joints. Influence weights were assigned to the appropriate vertices so as to properly
represent the shape at the joints when bending fingers. Influence objects in the form of
ovoids were added inside the model (Figure 3.6) and programmed to change size with
respect to the rotation of some articulations. This in turn affects the shape of the hand’s

skin and serves as a good representation of the effect of muscles inside the hand.

Figure 3.6 - Influence objects modeling muscle contraction

342 Animation of the Hand

Once the hand model is properly defined, it can be animated. In order to provide learning

material for the regression task explained earlier, a video sequence of the author’s right
hand was captured by two synchronized cameras, positioned approximately perpendicular

to each other, to the front and the right side of the hand (Figure 3.7).
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Figure 3.7 - Multi-view Hand Capture

Inside the 3D computer animation software’s modeling space, two planes were defined
with animated textures corresponding to the captured video frames of the synchronized
cameras. These planes were positioned and scaled so that the hand model’s view would
map approximatly one-to-one with the hand pictured in the video planes in some virtual
camera view. The textured frame sequence was programmed to follow the 3D animation
frames sequence. The articulations of the hand model were changed to match the video at
“key” frames, and the rest of the animation’s frames were generated by interpolation, but

monitored to closely follow the source video. When the interpolation wasn’t following
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the video properly, new keyframes were introduced. This process is pictured in Figure 3.8

for one of the keyframes.

Figure 3.8 - Hand animation overlaid on multi-view captured video planes

For describing the 20 different postures of our classification problem, some of the frames
in this video sequence were used. For some other postures, the articulations where simply
modified to set the hand in the required static posture without the visual aid of the

synchronized videos, only relying on the hand model’s interactive rendering views.
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3.5 Color Glove

In the end, our system expects to do its optical posture recognition on a hand
anthropometrically similar to the modeled hand. This hand will be wearing a specific
glove, with a color-coding as previously described. Furthermore, this glove should be a
tight fit for the hand to be recognized and should be flexible. Ideally, it should not
introduce bulges and creases when worn on the moving hand, as these anomalies were
not taken into consideration in the model animation used in the teaching of our system.
Other properties of this glove could be taken into consideration, such as the reflectance
properties of the material and its thermal properties, but these were not considered crucial
to mull over for our immediate needs.

For our testing purposes, we settled for a simple white cotton glove which we could color
using fabric dyes. Of course the conception of this experimental color-glove was not
without its difficulties in our inexperienced textile dyeing hands (color bleeding between
regions, non-uniform coverage, non-optimal color choices and dye mixes, etc). However,
by dyeing individual fingers and gluing them together, we arrived at a somewhat usable

color-glove that we could employ for our real-image testing (Figure 3.9).
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Figure 3.9 - Making of an experimental color glove

3.6 Image Segmentation

3.6.1 Color Difference Threshold Segmentation with Regional Boosting

Although this work does not focus its attention on the segmentation process itself, it is
expected that by using color difference techniques [28] on a set of optimally separated
colors in addition to background subtraction, we can obtain adequate and rapid
segmentation of the hand and its fingers in arbitrary scenes. This might not always be the
case. In most of our tests, we use a white background to ease this task. The colors used on
our prototype glove are also not optimal, but sufficient for our demonstration needs. We
increase the performance of the segmentation by using regional boosting, where an

overlapping mosaic of pixel blocks provide information on regions of similar colors.
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As exemplified in Figure 3.10, two matrices are computed for a target segmentation
color, counting the number of pixels that would pass a narrow threshold filtering step in
the immediate region.

Regional Count Matnix 1
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Figure 3.10 - Segmentation regional boosting process example (regional count)

A boosting factor is computed based on both regional count matrices for each intersection
of the regions. In our experiments, we use the following boosting factor at pixel

location (i, j):

regionCount (i, j)* + regionCount, (i, j)*

boost(i, j) = >
( regionS ize]

2
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Our final segmentation step is another color threshold filtering using a broader threshold

value weighted by this boost factor ( Figure 3.11).

Distance Threshold =3*Boost

0
0 |
0
&
0 ) 0 0 0
Boost Factor Resulting Segmentation

Figure 3.11 - Segmentation regional boosting process example (boosting and result)

Results of the segmentation process on a sample video frame when using this algorithm is

shown below (Figure 3.12).

e

i 888NN

m : [:ﬂ m

ey

Figure 3.12 - Experimental color-coded glove in a video frame, and the corresponding segmentation
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Distance metric used in our case is the number of standard deviation distance from the
mean of a pre-sampled color region (for a specific segmentation class), for each color
component of both RGB and rg-chromaticity color spaces. Threshold segmentation is
computed for every color component separately and later combined by a logical AND
operation.

More sophisticate segmentation techniques could also be employed, such as taking into
consideration the spatial inter-relationship of the color patches, or by tracking the blobs

across video frames and adapting color metrics, but these are left as future research.

3.6.2 Feature Vectors Extraction

When considering the features that can be used for our purpose, we quickly realize the
need for them to be invariant to rotation in the plane of the video frame and to scaling.
We use the following set of such features:

o Pixel area of each color blob, relative to the pixel area of the whole segmented
hand object.

e The centroid location of each color blob, relative to the centroid of the whole
hand object, with the hand’s major axis realigned to be horizontal (major axis
of the ellipse equivalent to its second moments), and all measurements scaled
relative to its length.

» Orientation of the major axis of each blob, on the realigned hand object
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These features are depicted in Figure 3.13 below. Extraction of these features is of O (n)
complexity for a n pixel segmented hand object and involve calculating image central
moments of order up to 2.

Other feature data could be possible, and might be investigated in future research.

Directly using the normalized central moments would be one valid option.

Centroids Area
8%

19%

Figure 3.13 - Normalized centroids, area features and orientation (overlaid on image)
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A key issue when considering features for using in ANN systems is that they should be
constant in numbers. Lists of contour edges and such are therefore unusable, at least not
in a straightforward way. Another consideration is that for continuous changes in the
hand configuration or orientation, they must change in a continuous way for most of the
output range. That is, the chosen visual features must somehow follow the dynamics of
the 3D system they model. Furthermore, they should not allow many ambiguities, having

the same features for different hand configurations.
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Chapter 4

Artificial Neural Network Learning

4.1 Regression

In our experiments with learning the regression tasks described in the previous chapter,
we have first tried to train one function approximation per hand articulation, and one per
viewpoint orientation axis, using MLPs.

Our ANN training material consisted in the visual features extracted from the rendering,
at different viewpoint orientation, of our hand-in-glove model, animated to follow a real
video sequence of a moving hand as described in section 3.4.2. All articulation angles
and viewpoint orientation parameters where extracted for every frame of the animation

sequence and used as the corresponding outputs.

4.1.1 System Overview

The overall architecture of the system is depicted in Figure 4.1 below. A camera input
will ultimately feed the posture recognition system. After initialization (color calibration

and hand model selection), a segmented output gets extracted for each camera frame,
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then processed to recover feature vector for recognition. For training of the system, the
rendering of various views of an animated 3D hand model is used. The system outputs an
estimate of the angle of rotation of every hand articulation, as well as the X and Y

rotation angle of the whole hand (equivalent to the viewpoint).

3D Hand Model
Rendering

Articulation angles and
X,Y Hand Rotation
Truth

I ﬁ@
Distortion Correction

and t—ae
Background Extraction '

o \
Image

Training Mode

Segmentation

Feature Extraction

. T
q i

1 [ h

1 | 1

) !

i

NN_J23 |« | NN_ix [« | NNy e

e

RotX - RotY

Figure 4.1 - Architecture of our ANN regression system
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4.1.2 Training

The first obstacle faced was to properly choose the ANNSs’ architecture to solve our
problem. After several attempts at manually specifying the architectures (number of
layers and number of neurons per layer), we tried to automate this selection task by using

the following workflow (Figure 4.2).

.- Randomly.split'setin -

; ) Training_setand: "
3D Model holding i g Testing. set

apose (80%/20%) "

" Generate random -
: akr'c’hityekctuyres‘for NN =

- Training set - 7

/< Testing set

v

Render image for
different views -

v

Extract features

5 bestANN
: arChitectures

Feature db

Figure 4.2 - ANN architecture generation workflow

The number of hidden layers was fixed to 2, and the number of neurons for each layer
was randomly selected between 1 and 50. This process was iterated for a number of tries.

Once the 5 best architectures where selected for the task, ANNs where randomly
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generated following these architectures and training and testing was performed iteratively

for 100 tries, keeping only the best resulting ANN (Figure 4.3).

EbestANN. '/
architectures "

et GeN@rAE ANN

Training set /- - .. Train ;

‘best or too many. ™
erati G .

> BestANN

P R— :

Testing set L ‘ Test .o~

L

Figure 4.3 - Selecting best ANN

After obtaining limited success in training ANNs to generalize well over the complete
range of data in this architecture, a second attempt was made at solving this regression
problem by first segmenting our data into multiple sets, based on viewpoint orientation.
First, classes had to be defined, and a classification ANN had to be trained to decide
which regression system to use.

The new architecture classified postures based on their Y viewpoint orientation into 5
classes, defined to correspond roughly to Front views, Left views, Right views, and the

intermediate Front Left views and Front Right views (Figure 4.4).

=00%" -80% " 709 B0° T W50° 4007309200 1100100 100 ¢ 200 T30° 400 B0° 80° N T0° - 80°  90°

Figure 4.4 - Classification on Y viewpoint orientation
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Figure 4.5 below shows the views of a sample posture at some limits of these ranges.

-60° -30° 0° 30° 60°

Figure 4.5 - Views of a posture of the hand varying in Y orientation (with X=0)

A single ANN was trained and tested to do this classification from the visual features
with an acceptable recognition rate on test data (97.17%), which at least showed that such
a classifier was possible. We therefore continued to try to solve our regression problem
on only the Front class of viewpoints.

ANNSs to find articulation angle estimates where then trained on this narrower set,
following the same generative methodology previously described. Results of this

experiment will be analyzed in the following chapter.

4.2 Classification

Having gained some experience from the earlier experiments, many of the previous

techniques were adapted and improved for the new task of classification of hand postures.
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4.2.1 System Overview

A camera input will ultimately feed the posture recognition system. After initialization
(color calibration and hand model selection), a segmented output gets extracted for each
camera frame, then processed to recover feature vector for recognition. Based on spatial
partitioning of the output feature space, an artificial neural network (ANN) system
interprets the feature vector and selects the appropriate ANN system for posture
matching. This ANN system triggers possible matches to a set of trained postures. By
using a number of these ANNSs in parallel, voting is performed and a matched posture is
proposed. The architecture of the system is depicted in Figure 4.6 below. To obtain the
various sets of neural networks, a 3D hand-in-color-glove model is used. Frame rendering
of this hand model, in the various postures to be recognized, and as seen from various
point of views, are generated and processed to obtain the ANN training, testing and

validation feature vectors.
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3D Hand Model

Rendering
ey
[

Background Extraction /
Segmentation '

Posture and
X,Y Hand Rotation
Truth

Training Mode

Figure 4.6 - Overall System Architecture

4.2.2  Artificial Neural Network Training

ANN systems can learn very well when modeling continuous functions. Discontinuities
in a ANN modeled function tends to make its learning tedious and uncertain, especially
since we must also find the proper network architecture in the first place, train long
enough to get good results or give up trying. To simplify the task, we segment the output

range of one of our continuous outputs (X or Y hand rotation) into overlapping sets of
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ranges, using an intermediate mapping function that is more easily trained. This, it turns
out, is similar in approach to what is done by Rosales et al [21, 22] in their specialized
mapping architecture, or by Lamar [24] in his T-CombNet architecture, but in our case
specialization i1s achieved through this intermediate approximation of some output
(intermediate knowledge of the system), which we feel might be a better approach than
their fragmentation of the input space. The comparison of these approaches could be the
topic of future research.

Since typically, the ANN model of a function is imprecise at its range’s edges, modeling
of the functions in overlapped sub-ranges allows us to select more precise and more
focused ANNs based on the estimated value of the range segmentation variables. The
intermediate mapping function is another set of ANNSs, separately trained and tested to
allow us to estimate which ANN set to use.

For our recognition system’s training, the 3D model of a hand wearing a color glove,
fully reconfigurable, was developed using standard 3D animation software as described
in chapter 3. Snapshots were rendered of a camera view centered and scaled
appropriately, so as to fill the picture frame, but not exceed it when the hand is put in
motion. It was set in 20 different postures, and rotated relative to its center, in steps of 5°,
in both its tilt (X) and its roll (Y) axis (Figure 4.7). Frames of another ensemble of 20
postures considered in the same classes as in the first set, but with some variation in

finger angles were also generated.
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X=60°

-

Figure 4.7 - Training set's X and Y rotation limits for hand posture #1

Feature vectors, as also described in the previous chapter, were extracted from all these
pictures to produce our set of training and testing data.
For this classification application, we separate the X rotation input domain into ranges of

40°, overlapped as shown in Figure 4.8, going from -60° to 60° in both axis.

-60° -40°

Figure 4.8 - Ranges of the X-rotation sub-division for ANN training
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Architecture of the individual ANN is selected at random within a range of possible
architectures. We allowed for either 2 or 3 hidden layers with between 5 to 55 neurons
each, and trained for between 100 and 1000 epochs, on 60-90% of the data — the rest set
aside for testing. We used the scaled conjugate gradient learning algorithm which
provided a good compromise between memory use and learning time in our testing. This
type of ANN generation and training was performed until we could find a set of 10 ANNs
for each range that had over 95% recognition rate on the validation data (outside of the
training set). We then use combined outputs of these 10 ANNs as a voting system to
recognize the postures.

Separate ANNs are generated to estimate the X and Y rotations, but these obviously
using the whole range of inputs for the training and testing data. The accuracy
information of these networks on the testing sets is stored and used as a weighting factor
in the mean calculation of the viewpoint estimation.

The process for generating the ANNs for the various ranges is depicted below (Figure

4.9).
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Feature db

Randomly split set in
Training_set and
e Testing_set i
(60%-90% for training,
rest for testing)

Select the
40° range
of data

Generate random
architectures for ANN
Y With random training Yy

parameters

Training set Testing set

Train- R ANN

Test

Select 10 best
ANNs

Figure 4.9 - Generative ANN selection for classification system
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Chapter S

Results and Analysis

S.1 Regression

For this task, a set of one ANN per articulation, the best that could be learnt as described
carlier, was trained and tested for the Front data set (comprising the viewpoint
orientations within—20 <Y <£20). Results are summarized in Table 5.1 below.

Results are the percentage of ANN estimation errors that are smaller than 10° from the
truth for our training and testing set. We can note that better results appear to show for
articulations which don’t change much throughout our dataset.

We conclude that there is no evidence of learning of the generalized regression functions
and that possibly a much larger set of training and testing data would be required for any
form of true learning.

Given these discouraging results, the focus of our research now shifts toward the

approach of posture classification.
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Table 5.1 - Results for articulation angle regression task

Articulation Training Set Testing Set

2 87.34%

4 93.35% 55.38%

6 84.33% 21.51%

8 94.21% 20.39%

1 96.14%  65.59%

12 76.18% 23.12%

14 97.85% 69.35%

16 86.05% 54.30%

18 97.64% " 77.04%

20 92.49% " 47.85%

2 8283% 28.11%

5.2 Posture Classification

Our posture classification ANN system was trained to recognize the 20 postures of the
hand pictured in Figure 5.1 (Set 1). A second set of postures, Set 2 (Figure 5.2), with
variations in the articulation angles, but showing what we judge equivalent postures,
where also used in the training in hopes to provide better generalization for our ANN
system. Another third set of equivalent postures with small variations, Set 3 (Figure 5.3),

was used for validation of our recognition system.
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Figure 5.1 - Set 1: The 20 trained hand postures (view rotation X=0, Y=0)
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Figure 5.2 - Set 2: The same 20 hand postures with slight variations (view rotation X=0, Y=0)
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Figure 5.3 - Set 3: The same 20 hand postures with other slight variations (view rotation X=0, Y=0)
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Results of posture recognition on various data sets are summarized in Table 5.2 below.
Set 1 is the set of images of the 20 postures x 313 viewpoint orientations (each) used for
the training and testing of the ANNs. Set 2 and Set 3 are sets of images of variation of
these 20 postures x 169 viewpoint orientations each. Set 2 was partly used in the training

and testing of the ANN system, while Set 3 was not.

Table 5.2 - Posture recognition performance summary for the different data sets

" Posture
T 9968% | 9882% | 7337% | 100.00% 0.00% | 88.89%
2| 99.68% | 100.00% |  9941% | 100.00% | 100.00% | 100.00%
3| 9840% | 100.00% |  92.90% | 100.00% | 100.00% |  98.77%
4| 10000% |  99.41% |  9941% | 100.00% | 100.00% | 100.00%
5| 9840% | 100.00% |  82.84% | 100.00% | 100.00% |  92.59%
6| 9936% | 100.00% |  76.33% | 100.00% | 100.00% |  76.54%
71 100.00% | 100.00% | 99.41% | 100.00% | 100.00% | 100.00%
8| 0712% |  97.04% | 0822% | 07.03% | 10000% |  96.30%
9| 100.00% | 100.00% |  99.41% | 100.00% |  100.00% | 100.00%
10| 99.68% | 100.00% |  94.08% | 100.00% | 100.00% |  88.89%
11| 100.00% | 100.00% |  98.22% | 100.00% | 100.00% | 100.00%
12| 100.00% | 100.00% |  98.22% | 100.00% | 100.00% | 100.00%
13| 98.00% | 98.82% | 9467% | 99.31% | 100.00% |  98.77%
4| 0681% | 98.80% |  9882% |  97.93% | 100.00% | 100.00%
15| 0649% |  98.82% |  9527% | 99.31% | 100.00% |  96.30%
16| 9872% | 9941% |  98.82% | 100.00% | 100.00% | 100.00%
17 [ 99.68% | 100.00% |  95.27% | 100.00% | 100.00% | 100.00%
18| 98.08% |  98.82% |  91.42% |  97.93% | 100.00% |  95.06%
19|  86.00% |  O7.04% |  79.88% |  94.48% | 100.00% |  85.19%
20 | 99.68% | 100.00% |  98.82% | 100.00% | 100.00% |  97.53%
AVG | 98.34%  99.35% ! 0.00% .74%
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Detailed results for posture recognition of Set 2 is shown below (Table 5.3), with mean
difference in X and Y viewpoint orientation estimation (AVG(AX) and AVG(AY)) and

their respective standard deviation (STD(AX) and STD(AY)).

Table 5.3 - Recognition results for posture Set 2 (-65°<X,Y<65°)

k' 2 55761 43837 11.6004  7.8113 100.00%

3.2185 24543  8.1997 5.8774 99.41%

9.1748 7.3332 5.8017 4.6044 100.00%
5.4388 4.0372 8.3851 6.4588 97.04%

10 74718  5.7435 4.3136 2.8990 100.00%

It is worthy of noting that the viewpoint orientation was trained and tested with part of

Set 1 only. A new viewpoint orientation estimation system should ideally be trained and
tested with some posture variations samples such as the ones in Set 2 or 3, and would

probably yield better generalized results.
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The validation set (Set 3), with posture variations previously unseen by the recognition
system for its training and testing, shows good response in most cases. This indicates a

good capacity to generalize the recognition process for most postures.

Table 5.4 - Recognition results for posture Set 3 (-65°<X,Y<65°)
Posture AVG(A_X) STD(AX) AVG(A (AY ’ Recognition
7 2049 99.41 %
3.1511 2.3496 8.0063 5.7704

10. 0262 7.2000 16.1241 7.2332 76.33%

4.266 ’ 9.0°

12 7.2945 6.2128 6.3080 5.23 98.2%

3.6310 3.2198 4.8156 3.5485

12,5589 11.1232  13.2990 7 1657 91. 12%

20 7.6857 6.2308 9.7330 6. 2892 98 82%

Because of the inherent imprecision of the ANNs at their edges, in both X and Y
viewpoint orientation ranges (need to extrapolate, which ANNs do not achieve well), it
might be more appropriate to evaluate our recognition task on a narrower range of data

like between—45°< X,Y,<45°. Results for the posture recognition of Set 3, in this

narrower range, are shown below (Table 5.5).
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Table 5.5 - Recognition results for posture Set 3 (-45°<X,Y<45°)

2 3.86775 2.7865 7.9810 48424 100.00%

35472

i

10 13 9 50052 36013  88.89%

i

12 47492 28560 45561 30265  100.00%
14 48614 33708 35100 24145  100.00%
16  3.0515 | 38018 26528 100.00%
18 159960 115502 175800  6.1477 95.06% |

20 9.7226 7.2900 8.9014 43580  97.53%

We see a net improvement of the recognition rate when we avoid ANN extrapolation in
this way. This is especially evident for some of the postures which are then recognized in
all considered orientations. Recognition of posture #6, in this case, shows no
improvement, which leads us to think that either the recognition system does not

generalize this posture enough for variations, or the visual features used don’t show

enough differences between it and some other postures in some views.
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Table 5.6 and Table 5.7 below show the X and Y orientation recovery and average

recognition rate by viewpoint orientation for Set 3. These recognition rates are then

plotted in Figure 5.4 below.

Table 5.6 - Recognition results by X viewpoint orientation for Set 3

-30 4.9885 4.0397 6.7463 5.6447 93.85%

10 54245 49722 67487  5.8850 95.77%
10 6.4810 6.7852 6.3941 5.8291 93.85%

30 6.2692 6.1258 6.9593 6.1157  92.69%

50 5.9655 5.0923 8.6839 7.3671 88.85%

93.22%

469

Table 5.7 - Recognition results by Y viewpoint orientation for Set 3

Y AVG(AX) STD(AX) AVG(AY) ST Recognition

10 6.2878 682 85253 6.8800 93.08%

’ 3 9 6.1771  9.3038  7.0971 92.69%

B

50 56536 53894  7.8257 6.2888  86.92%

AVG 58662 56210 7.7282  6.7251 93.22%
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Recognition Rate by View Angle
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Figure 5.4 - Set 3 recognition rate by viewpoint orientation angle in X and Y

Performance for the recovery of the hand view rotation is adequate for our purpose of

range estimation, as can be seen in Figure 5.5 and Figure 5.6. This rotation information

can optionally be interpreted and used by the end application for other purposes.
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Figure 5.5 - X and Y rotation recovery mean error and standard deviation for Set 1
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Figure 5.6 - X and Y rotation recovery mean error and standard deviation for Set 3 (-45°<X,Y<45")

Overall, from our results, we see that some postures are better recognized and general_ized
than others. It would be best to avoid using the badly recognized postures at all in a
control application. Alternatively, the networks could be trained more extensively on
these postures, with possibly more variations to try to increase the ANNSs recognition and

generalization.

53 Real-Time Video Segmentation

Initial implementation of our segmentation method explained in section 3.4.1, using

MATLAB, could hardly achieve more than 1 frame every 2 seconds on a 3GHz Xeon-
based computer, with 320x240 pixels color frames. This processing speed would not

really qualify for a real-time system. A later implementation using OpenCV [29] has been
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tested to perform at higher than 30 frames per second on the same computer hardware, on

the same frame sizes.

5.4 Real-Image Testing of Posture Classification

Some video sequences of a hand wearing our prototype glove, showing the various
postures that we try to classify, were captured and stored for further processing.
Segmentation of these video sequences was performed using the segmentation algorithm
described in this thesis. The set of visual feature measurements was extracted for every
frame of the video sequences and fed to our recognition system. Results were recorded
for both the elected posture, and the X and Y viewpoint orientation at every frame.
Analysis of the performance of these tests is very subjective and we feel that their results
are inconclusive. Although it seems that the recognition is working well in many cases,
several issues remain.

First, the camera employed for capturing these sequences uses a wide-angle lens which
distorts the images and ultimately affects the measurement of our visual features. Ideally,
distortion correction should be performed prior to the feature extraction, or a different
lens (or camera) should be employed. Also, the video segmentation proves problematic
because of some of the colors used by our prototype glove. Lastly, since the trained
system is somewhat limited in the allowed viewpoint orientation, restrictions should be
put in the allowed rotation of the hand in the video sequences used for testing, or

alternatively, a recognition system allowing all orientations should be built.
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Combined with a more complete recognition system, a better color glove and a better

real-image testing protocol should be elaborated, but that is left for future work.
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Conclusion and Future Work

6.1 Conclusion

We have developed a system to classify postures of a hand wearing a color glove as
viewed by a camera and the methods to generate, train and evaluate such a recognition
system using artificial neural networks. We also have developed and implemented a real-
time video segmentation algorithm that can be used to measure the visual features needed
by this recognition system. We have obtained encouragingly high recognition rates for
some of the postures in our evaluation when using our 3D hand model for validation.
Given a close match of the real hand’s morphology to our 3D hand model and a perfect
video segmentation, there is no reason the system would not perform equally well on real
camera images.

However, color segmentation has proven to be a very challenging process, even when
using specific colors as in this research. Segmentation noise is bound to affect our results

in live image applications if not correctly filtered. Also, our system does not properly
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handle the detection of false positive recognition. This issue is quite limiting for a control
application and should be handled properly for a complete posture recognition system.
Furthermore, large anthropometric differences of the hand for different subjects must be

handled by systems trained on appropriately different hand models.

6.2 Future Work

Our recognition system is currently restricted to operate only with viewpoints in the
hemisphere to the front of the hand. This has more to do with the deadline for submission
of this thesis than limitations of our approach. Viewpoints from the full sphere around the
hand should ideally be considered for our application and is left as future work.

The use of different sets of visual features could be explored, including ones from images
of bare hands, coupled with the appropriate training material. Features tolerant to a noisy
and incomplete segmentation would be desirable.

Another aspect of this research which we would want to investigate further is the
development of a method to automate the specialization of neural network systems in a
way that makes use of intermediate knowledge, much like our use of the viewpoint
orientation estimation. Example of other specialization could be the detection of inter-
finger occlusions and estimation of the missing areas, or more simply the detection of
completely extended or completely bent fingers.

A fully optical hand pose recognition system such as the one envisioned in this research

would benefit from tracking of the hand, not only in the camera frames for segmentation
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purposes, but also with reference to its 3D space, enabling even greater interaction
possibilities within the context of VR applications. Optical tracking of a human hand,
because of its deformable nature, poses many challenges. Possible tracking algorithms
could take advantage of temporal inter-frame relationship to aid in the process.

As previously mentioned, the detection of false-positive recognition in our application, in
order to ignore the posture commands that were recognized but not requested, should be
investigated. Map-back validation methods such as done by Rosales et al [22] could be a
solution to this problem.

Finally, our current implementation is relying heavily on the MATLAB software for
feature extraction, normalization and computation of the ANNs results. However great
this framework has been for our research work, licensing and performance issues
prevents us from directly using this system in its intended environment. A real-time
implementation of the complete optical posture recognition system, to work within our
DIVINE immersive VR display, should therefore be completed outside of this MATLAB

framework.
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