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Abstract

This research proposes a novel framework for capturing 3D human motion from video
images using a model-based approach. Existing commercial motion capture methods that
place markers onto the human will cause hindrance to the human performers. Our
approach does not require any markers. Although many systems reported in the existing
research literature do not use markers, there are still many problems related to marker-less

human motion capture.

Our contributions consisted of the two main phases: (1) to construct a 3D human
puppet model that is very similar to the subject, and (2) to follow the motion of the subject
using this 3D model. The human model and movements have to be accurate so that we can
obtain quantitative data for applications such as bio-mechanical analysis. A substantial
amount of work has been emphasized on building the 3D human model, as the accuracy

and reliability of the motion tracking depend very much on it.

The reconstruction of 3D human model is facilitated by a generic geometrical human
model consisting of the external skin and its internal skeleton. The output is an accurate
external skin of the subject with its estimated internal skeleton. This approach uses several
cameras and does not require prior camera calibration. First, the camera calibration and 3D
reconstruction take place simultaneously to produce the intermediate 3D model once the
characteristic points between the generic model and the real one are registered. Then, we
automatically matched the silhouette curves of the intermediate model and the real subject

to yield a better 3D human model. Our setup requires no prior calibration and moderate

Xiv
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human interaction, its operation is simple, cheap and efficient as compared to the existing

3D laser body scanners and computer imaging methods.

Our human motion tracking algorithm starts by the automatic learning of the colour/texture
onto the puppet model from its initial pre-positioned posture. Then, our computation will
synthesize the 3D puppet movements such that it minimizes the image differences between
the synthesized movements and real athlete’s motion. This is realized by using a simulated
annealing algorithm to search iterative for the optimal posture represented by the joint
kinematics with the various degrees of freedom. The joint kinematics then drive the skin of
the model puppet to produce the synthesized image, which will be used to compare with
the real image. The colour texturing onto the puppet is updated and learned once every few
frames so that the synthesis is not influenced by the changing articulated posture and
illumination variations. The image rendering for the motion synthesis is the most
computationally intensive module and it is sped up by using a graphics processor unit
(GPU). With our results, we demonstrated that we are able to track the motion of the arms,
which are usually highly articulated and quantitatively small in the images. The advantages
of our method are: (1) it does not require image segmentation, (2) it copes with occlusion,

and (3) it is able to operate in highly cluttered environments.

XV
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Chapter 1.

Introduction

Documented work for motion capture and analysis started as early as the 19™ century,
when Eadweard Muybridge [168] began photographing horses to analyze their movement.
At that time a French physiologist Etienne-Jules Marey also made his chronophotography®
work in studying the human actions filmed in videos. The importance of motion capture
(mocap in short), is motivated by its applications over a wide spectrum of areas. Tracking
and following the movement of human joints over an image sequence, and recovering the
3D body posture and kinematics are especially useful for the study of the human
locomotion and bio-mechanical applications [30], such as gait analysis, injury prevention,

rehabilitation, sports performance enhancements, etc.

Applications of motion capture in other domains include 3D animation, augmented
reality, telepresence [46], human factor design, free-viewpoint video and virtualized reality
[23], [70], post-production [47], etc. The kind of setups, methods and technologies that are

used for motion capture are determined by their respective operational needs.

There are many technologies developed to capture the human motion. They range from
magnetic, mechanical and optical systems, for which the subject needs to wear sensors and

markers on the body, to the non-intrusive one which is based purely on using video

! Chronophotography is an application of the study of movement (science), and photography (art).
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cameras. The operating environments can vary from the well controlled indoor

environment to the highly cluttered outdoor scenes.

While the technologies for sensing, photography and imaging have changed and
evolved over the centuries, improvement in the accuracy and reliability in acquisition of
human movement is still a problem. The human movements are highly complex since they
have many degree-of-freedoms (DOFs) and the skin is also deformable, thus they still pose

many challenges to generally process them in general.

1.1. Objectives, Motivations, Challenges & Scope of Research

In this research, we focused on capturing 3D human motion that can be applied to bio-
mechanical analysis. The extraction of information from the raw sensor-data needs to be
accurate so that they can be used for analysis purpose e.g. comparing gait efficiencies of

different athletes.

The operating environment can eventually be in a cluttered scene. The non-intrusive
factor is also very important so that it can be applicable to scenarios in sports competitions.
This implies that existing commercial motion capture methods that require the subject to
wear sensors are not suitable, hence constraining us to just video cameras. We may also
have to face the situations when minimal number of cameras can be used due to
constriction and limited resources. This prompted us to explore the methods that are
associated with the computer vision/computer graphics collaboration to accomplish our

task.

Computer vision largely deals with the analysis of pictures in order to emulate the

human perception e.g. understanding, recognition and tracking of objects in the visual
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scenario by inferring 3D information from one or more images. However, after many years
of research, the machine vision is still far from emulating its human counterpart. Machine
vision systems generally face severe problem due to their lack of understanding of the 3D
scene, illumination variation, occlusions and in addition, the human has complex
kinematics and deformable skin e.g. stretching of skin and bulging. These make image
segmentation and feature extraction, which are common entry points to their system, not
being able to yield consistent and reliable information for subsequent analysis purpose.

Some researchers even term these as the semantic gap [37].

On the other hand, computer graphics start from 3D scene models and through the use
of synthesis techniques produces the pictures. However, the synthesized images lack
realism. In general, computer graphics do not know how to fully simulate a real scene in an

automatic way.

In this dissertation, our algorithms are built on the concept of collaboration between
computer vision and computer graphics to tackle our problems. This concept had been
proposed as early as in 1990 [44], and is gaining popularity [82], [143]. This approach had
been applied to applications such as modeling complex indoor scenes [45] and rigid object
tracking [48]. Computer graphics will provide the knowledge-base for the 3D modeling,
animation and synthesizing, whereas, computer vision will supply the learning and analysis

capabilities.

In recent years, research had shown that the quality of the human tracking results relies
heavily on the similarity between the 3D puppet model and the real subject. This motivated

us to start our research with 3D reconstruction of the human subject. Our customized 3D
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human model needs to be accurate and has an external skin and its skeleton. The

difficulties in building this 3D human model is reviewed in Chapter 2.

In order to acquire the correct kinematics of 3D motion, the 3D model puppet has to be
animated correctly to generate the visual information that is compatible with the human
motion that appears in the real images at each time step. The main difficulties are:
illumination variation, occlusion, large search space due to complex human motion and
deformable human skin. Moreover, the subject may be wearing clothes that flicker, which

further adds to the difficulties.

In this dissertation, we assume that the subject is within the field-of-view of the filming
cameras. A subject wearing skin-tight clothes is required. It is also assumed that the skin
deformation can be neglected, although we will discuss it in this thesis. In this dissertation,
rigid skin transformation is used. The computational speed is another factor when
considering the large search space. However, the motion tracking algorithm can be
executed in an offline process, since this is permissible in the prototyping phase, as long as
the computational time is keep within a reasonable duration. We consider the tracking of
the facial expressions and finger motions as different problems that are outside the scope

of this research.

1.2. Summary of Contributions
The major contributions of this dissertation are as follow:

1) A novel method is proposed to accurately construct a 3D human model from several un-
calibrated wide-baseline images by using characteristic points and limb silhouettes to

deform a 3D generic model. Our setup requires no prior calibration and moderate human
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interaction, thus the operation is simple, cheap and efficient. The final output is a
customized 3D puppet model of the subject consisting of an external skin and its skeleton.
The results show that our algorithm can be adapted to human subjects with different sizes

and shapes.

2) In the building of the 3D model, we realized a new method for camera pose estimation
and reconstruction of a 3D human model at the same time by using characteristic points
on a generic model and their respective correspondent in the wide baseline 2D images.
No prior camera calibration is needed. The subject himself will be the calibration object,
with the surface feature points of the generic model adapted to him. The sparsely
distributed reconstructed feature points are fed into the radial basis function to deform
the generic model. This stage yields the intermediate 3D model. We show that this

method is able to cope with shape, size and feature correspondent uncertainties.

3) A method that refines the construction of a 3D human model from the matching of
silhouette curves is proposed. This is realized by automatically registering the differences
between the silhouette curve from the real images and the intermediate 3D model (from 2
above). This module results in an improvement over the human reconstruction approach

that uses only feature points.

4) A new 3D model-based method for capturing the 3D human motion using simulated
annealing with GPU acceleration is presented. In our set-up, we do not assume that prior
motion database is available for producing generative and discriminative model through
training examples. Our algorithm is able to automatically track the motion of human
arms, which have an additional degree-of-freedoms from the rigid body. Generalization

to the case of complete human body movement could be easily extended. We are able
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follow the trajectory of the arms which usually appear quantitatively small in the images.

We animate the 3D puppet model, built earlier, with its colour texture to synthesize the

information for matching with the real images.

1.3.

Organization of the Dissertation

The rest of this thesis is structured as follows:

We start in Chapter 2 by presenting the background, review the related work and

the respective pros and cons of their methods.

In Chapter 3, we give an overview of the overall framework and workflow for
model-based human motion capture. The setups and fundamental concepts

employed for each section of the framework are presented.

Chapter 4 presents a method for camera pose estimation and constructing a 3D
human model at the same time by using characteristic points. Output from this
stage is referred as the intermediate human model. We investigate the accuracy of

the results by making comparison with reference to prior calibrated data.

Chapter 5 explains in detail the method that we employed for the extraction of

silhouettes from both the intermediate 3D puppet and the real images.

Then in Chapter 6, we detailed the curve matching algorithm that registers the
silhouettes of the 3D puppet with their counterpart in the real images. The
differences in the matching are used to compute the deformations for the external
skin and its internal skeleton to their proper locations, which results in a

customized 3D human puppet model of the subject.
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¢ In Chapter 7, we make use of the 3D human puppet model that we have constructed
to track the human movement. A model-based analysis-by-synthesis method is

presented with qualitative and quantitative results.

e Finally, in Chapter 8 we conclude with a summary of our work, and then describe

the possible future extensions.
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Background and Reviews

This chapter surveys the state of the art methods that are related to the model-based motion
capture framework. We also give some background of the technologies that are relevant to
our research. These include existing motion capture methods, 3D model reconstruction,
and important issues such as skin deformation of human when undergoing motion and
estimation of human skeleton and joints. The reviews on related works are concentrated on
the general aspect such as their fundamental functionality structures and main concepts.
We will also discuss the problematic issues related to image segmentation and feature

extraction.

2.1. Commercial Motion Capture

Existing motion capture (mocap) devices fall into 3 main categories: magnetic, mechanical
and optical systems. The main providers for magnetic systems are Ascension [164] and
Polhemus [172]. The latter provides mechanical systems as well. The main manufacturers
of optical mocap equipment are Motion Analysis [169], Peak Performance [171], Qualisys

[173] and Vicon [175].

Magnetic motion capture systems utilize sensors placed on the body to measure the
low-frequency magnetic field generated by a transmitter source. The sensors and source

are cabled to an electronic control unit that compiles their reported location within the



ATTENTION: The Singapore Copyright Ac

f this document. Nanyang Technological University Library

Chapter 2. Background and Reviews

measurement field. The electronic control unit is networked with a host computer that

represents these positions and rotations in the 3D space.

Mechanical motion capture systems require the performer to wear a mechanical
armature fitted to their body. The fitting is usually done with elastic straps and belts, which
hold plastic plates against the body of the performer. The sensors in a mechanical armature
are usually variable resistance potentiometers or digital shaft encoders. These devices
encode the rotation of a shaft as a varying voltage (potentiometer) or directly as digital

value.

Existing commercial optical motion capture systems utilize reflective or pulse-LED
(infra-red) markers attached to joints of the athletes’ body. Multiple infra-red cameras are
used to track the markers to obtain the movement of the subject. Currently, this kind of

system is mainly used for biomechanical analysis.

All motion capture systems have one common disadvantage, requiring the subject to
wear some kind of devices or markers on the body. This will be a hindrance to the true
movement of the performer. In addition, this kind of acquisition setup is only suitable for a
very well controlled (mainly indoor) environment, which is, unrealistic and impossible
during a sport tournament for example. Furthermore, post-processing of motion capture
data is tedious and time consuming e.g. re-establishing correspondents due to sensors

confusion in optical sensors.

2.2. Computer Vision-based Motion Capture

Computer vision-based approaches for motion capturing, with their potential to operate in

natural environments, had started to catch the attention of industrial mocap manufacturer
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[170], [175]. Large numbers of works on tracking and analysis of human motion using
computer vision techniques had been proposed over the years. A couple of reviews on
computer vision-based motion capturing methods had been done, [2], [50], in the years
1994 and 1999. In a more recent review in 2006, [97] extended to their earlier reviews [96]
of year 2001. Many vision-based mocap techniques had been proposed to tackle different
application requirements. In systems that require accuracy and reliability, some kinds of
human model are usually used to facilitate the tracking [83], [141]. Whereas in
applications for visual surveillance and activities monitoring [89], which require speed and
robustness, their systems usually heavily involve low-level vision techniques such as

image segmentation, thresholding, statistical and probabilistic formulations.

2.2.1. Typical Vision-based Mocap Framework

The inputs to all vision-based systems are images acquired from electro-optic sensors e.g.
video cameras, infra-red cameras, etc. Electro-optic devices are popular largely due to their
non-intrusive and passive nature. Moreover, they are easy to set up and their prices are
cheap. To deal with occlusions and kinematics singularities [123], multi-cameras are
usually used, although single camera setup may be used due to constriction and limitation

of resources.

In the computer vision-based mocap survey by [96], tracking is defined as establishing
coherent relation of subject and/or landmarks between frames. Pose estimation of subject is
the process of identifying how the subject is configured in the scene e.g. posture of a
human described by its kinematics at an instantaneous time. For 3D model-based motion
capture approaches, the tracking and pose estimation are usually closely coupled with each

other. The notion of motion tracking is used differently and loosely defined throughout the

10
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literature of visual analysis of human. In this dissertation, since in our framework tracking
and pose estimation are tightly coupled, and our aim is to quantify the human posture at
each instantaneous time and follow it over a time sequence, the overall process refers to

3D human motion capture or 3D human motion acquisition.

Nearly every vision-based mocap follow the steps: (1) segmentation of subject from
the rest of the image, (2) these segmented images are transformed into some kinds of
higher level representation to suit a particular tracking algorithm, and (3) how the subject

should be tracked from one frame to the next.

In these kinds of frameworks, many proposed algorithms had relied heavily on the
image segmentation, which is a very crucial part of the system, and modeling of its result.
In addition, some assumptions regarding the background scene had been used e.g. constant
and low cluttered background. The information that is presented for segmentation can be
either spatial or temporal image data. The main methods for segmentation are: edge
detection/filtering, image subtraction [75], [140], color segmentation [95], blob
segmentation [107], optical or motion flow [18], labelling via graph-cut [16], etc. Also in
[102], they introduced 3D context awareness to extract the silhouette from multi-view
images. The common higher-level representations that are derived from the segmented
images will be in the form of: feature points, silhouette, bounding box, blobs, motion flow
fields, texture and edges. It is also a common practice to combine various representations

to be used for tracking.

The use of silhouette is one popular approach [12], [25], [92] [128], where 3D volume
data of human is built from multiple 2D silhouettes to yield the human posture that is

tracked at each instantaneous time sample. This kind of approach is commonly known as

11
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the shape-from-silhouette (also called visual hull) method. It relies on calibrated still
cameras, and that the subject can be segmented from the background by assuming constant
and low cluttered background. The visual hull method is also used for 3D reconstruction of

models and is discussed in more details later in Section 2.4.2 of this chapter.

Various motion tracking algorithms, frameworks and steps were proposed based on the
visual hull approach. In [25], they extended their temporal shape-from-silhouette technique
[26] to track the articulated rigid segments through the alignment of multiple-views
silhouette poses across time. Then in [73], the authors proposed a stochastic meta descent
minimization algorithm to fit a human model made up of super-ellipsoid parts to the
volumetric data. In [101], the authors used a deformable mesh model with “repulsive force’
to guide the inter-frame 3D volumetric deformation and at the same time detecting
collision. Then in [92], they estimate the human movement parameters by using the
extended Kalman filter after utilizing the Bayesian network to estimate the body part sizes
from 3D voxel data. Also in [23], they adapt an articulated 3D human model to the multi-

view silhouette via Powell’s minimization.

Natural 2D image feature points had been used for rigid object tracking [136].
However, in the work of [60] that put distinctive optical markers on the subject they found
out that without a prior model, 50 percent of the markers fail to find the correct
correspondence after less than 20 frames. It must be noted that even with a single

correspondence outlier could cause the mocap system to drift toward catastrophic failure.

Representation such as blobs [41], [156], and bounding boxes [78] have been
introduced to stabilize tracking. These kinds of representations are obtained by

segmentation and by labeling the image regions using similarity characteristics e.g.

12
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subspace coefficients via DCT [104], similar color [93], optical or visual motion flow [17].
However, segmentation algorithms perform very poorly in cluttered and noisy scenes as
they are ill-posed problems. Without a proper 3D articulated model, tracking error is

accumulated over time and this leads to drift and then eventually to divergence.

To facilitate tracking and pose estimation, a prior model or example data is usually
incorporated. The pose of the prior model is matched with the one represented in the real
images. The prior model may be used in the form of: (1) 3D animatable geometric model
[55], [69], (2) motion and dynamic model [157], [91] (3) learning or training and
representation of example poses [42], [126], using approaches such as the principal
component analysis (PCA), Bayesian network [109] or discriminative learning [76], (4)
parametric deformable models e.g. active contours [9], or (5) combination of the various
modeling methods [106]. To reduce the search space, prediction such as the Kalman filter
and CONDENSATION [66] algorithm might be utilized. Prediction is a useful mean to
reduce the search space during the matching of poses. Numerical optimization methods
such as the gradient decent, Gauss-Newton are commonly used to minimize the error
between the prediction and observation functions. Last but not least, stochastic search

using the particle filter had also been suggested [34].

In the work of [125], a motion model of walk was used for tracking. In [83], the subject
wore a tight texture pattern used for tracking (based on texture learning), pose estimation
and Kalman filter prediction. In [1], they track the human motion by combining classifiers
tuned from example-based human motion. In the work of [106] they combine view-based
and model-based methods. In [79], they parameterize hidden Markov temporal models

with 2D spatial views of body parts. Then in [150], the authors proposed hierarchical

13
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interpretation of action represented by grammars. In [35], they use the iterative closest
point to fit and register the segmented depth data from stereo images with a 3D model. In
work of [77], they model the human as articulated chain of 3D cones, and tracking is done
by minimizing the Chamfer distances between the synthesized and real contour. Chamfer
distance is also a similarity measurement in [49], where they model the subjects with
super-quadrics used for human pose estimation that employed graph-based searching
strategy. Among these methods, parameterization of the articulated motion kinematics

constraints may be used to confine the solution [19], [85], [138].

2.2.2. Use of 3D Model

In applications that require accurate and reliable measurements, good 3D models are
always required. Experiences from prior works [52], [54] and [68] had indicated that the
process of tracking is very sensitive to the shape parameters used. Therefore, it is
inappropriate to use, for example, a generic “averaging human” model for accurate and
precise tracking of human with a different shape and size. However, it is noted that good
and comprehensive 3D models are difficult and take time to build. Therefore, in the
uncontrolled surveillance applications, good 3D models may not be available. All existing
methods that use 3D model apply the analysis-by-synthesis methodology one way or

another.

The 3D human model that has been used consisted of the main body parts and structure
needed to animate the articulations i.e. torso, arms, legs and head. The 3D model is
normally driven by a series of kinematics chain relating the different body parts,

propagating from the parent nodes to their children nodes for forward kinematics or the

14
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reverse for solving inverse kinematics. The 3D model is also useful for preventing

unreasonable synthesis e.g. knee bending must be between 0° to 100°.

In the work of [55], they adapt the H-Anim human model to the specific subject and
used it for tracking by combining the iterative closest point algorithm with Levenberg-
Marquart optimization. In [141] they construct the super-quadrics model of the subject
with the aid of 3D scanner, and then apply the model to perform tracking from hybrids of
segmented information. In the work of [110], they use the H-Anim model for human
tracking as well. Also, in the work of [147], a 3D graphical human model is used. Other
approaches like [56] attempt to match the stick-figure model with mathematical skeletons
(see later) extracted from images. In [111], the 3D human model and motion are adapted
simultaneously through a parameterized state vectors during the process of tracking,
however this means that the geometric model and the motion will go through a transient

state before they converge, thus the model or motion can drop to local minimum.

2.2.3. Applications and Evaluation of Performance

The algorithms, technologies and equipment setups that had been used for motion capture
are driven by the following main application areas: surveillance, interaction/control, and
analysis. The types of motion capture applications determine these main performance
requirements, in terms of robustness, speed and accuracy. For example, in human motion
analysis applications accuracy is very important and a certain amount of robustness for
tracking is required so that it can cope with cluttered environments. On the other hand, for
the interactive/control applications e.g. interface to computer games and augmented reality,
the processing speed is the most essential. For surveillance application, robustness is the

most crucial so that the system can deal with all possible scenarios.

15
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There are a few ways to evaluate the performance of the technology for acquiring

human motion, which is subjected to the context of application:

Quantitative tests rely on comparing the ground truth data with the estimated ones to
evaluate the accuracy and precision. This kind of test is important if the technology is
meant for analysis applications. Several ways can be used to estimate the ground truth
data: (1) manual segment and corresponded data, (2) benchmarking to established
commercial devices. The former is time consuming and tedious, whereas the latter may be

expensive to obtain.

Qualitative tests rely on visual inspection and is the most widely used. The most common
approach is by back-projecting the estimated 3D motion to overlay onto the real video
images and compute the error using e.g. sum-of-square difference (SSD), normalized
correlation, etc. This way of assessment is normally sufficient for surveillance and

interactive/control applications.

2.3. Issue of Human Skinning

Human undergoing motion will produce skin deformation, usually termed as skinning. The
skinning issue has been studied in computer graphics; however it had not been properly
reviewed in relation to any existing vision-based motion capture. Skinning is necessary for
the geometric properties and color texture on the human skin to be warped correctly when
undergoing motion. Some examples for the human skin deformation are: (1) bending of
elbow causes the skins to stretch, (2) wrinkle of skin, (3) 180 degrees twisting of wrist
causes the skin near the wrist twist to about 180 degrees, whereas the skin near the elbow

is twisted about 5 degrees. Other kind of deformations can arise from bulging of muscle,
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bending of body, etc. All these deformation factors are anatomically related; therefore the

anatomical structure of 3D model must be able to mimic the subject closely.

One of the simplest and fastest ways to animate skinning is to consider a rigid skin
model that is attached onto the articulation of the respective bones and ignore the
deformations near the joints. However, rigid skinning does not look realistic near the joints.
The deformation of human skin is highly complex, by itself, it has attracted many research
interests over the years, and mimicking the real human skin still remains a challenge.
Skinning has been an actively researched area in computer graphics. In this section, we
will review some of the common skinning methods, which can be categorized into (1)
example/training based, (2) parametric based, and (3) anatomical/physical based methods.
Every of these techniques was proposed to fulfill the demands of its respective application

such as real-time requirement and realism when the skin deforms.

2.3.1. Skinning from Examples

This kind of method requires training data. Examples of this kind of method reported in the
existing literature are [3], [72], [84] and [137]. Their key objective is to generate smooth

visual realistic movement via key postures. Their procedure normally involved:
1. Obtaining training data from scanning or interactively sculpted key postures.

2. Using these training data to minimize a set of weighted blending function

parameters using e.g. least-square minimization and radial basis function.

The resultant blending function parameters will be an interpolated or extrapolated of
movement with respect to the subject’s kinematics. The deformable objects for these

methods are usually represented using triangle meshes. The synthesizing and rendering of

17
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example-based skinning is fairly manageable with the modern computers and commonly
used in computer gaming. These methods in general do not preserve the volume of the

object undergoing deformation.
This kind of method had its disadvantages:

1. Needing a skill artist to sculpt all the key postures so that we can cover the whole

range of movements.
2. The process of posture sculpting is very time consuming.

3. All the vertices at the joint will collapse (e.g. in the situation when the human
forearm twist towards 180°, fig. 2.1) if the range of movement is not well

represented. Also, the sunken elbow problem is undesirable.

4. Difficulties in retargeting the same blending function onto another subject of

different shape and size.

Figure 2.1. Skin collapses when the range of movement is not properly represented e.g. the

twisting motion

There are also research done to acquire the skin deformation. In [131], they attempt to
estimate the skin deformation from silhouette, and in [32], they capture the skin

deformation in a controlled environment with the subject wearing a structured garment.
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Also, in [108], they use the optical marker system and some human interaction for data

preparation to capture the human skinning.

2.3.2. Parametric Skinning

Parametric surface such as the Bezier, spline or cross-section surface, representing smooth
surfaces with relative small number of control points, may model the surface skin e.g. [20],
[135]. In general, manipulating its control points deforms the parametric surface. This
method does not require training via example data or the complexity of modeling the
physical properties of the human tissue. In the work of [65], the authors introduced the
control of sweep surfaces from 3D ellipses that model the human body while keeping
constant the volume of the object undergoing deformation. However, its main limitation is

the difficulty to manipulate objects with branch joints such as the human shoulders.

2.3.3. Physical and Anatomical-based Skinning

This type of approach attempts to take into account the physical properties (not
biologically related) of the human tissue. In [112], they used metaballs to model the body
tissues. Other methods include volumetric object to model the muscles, which in turn
deformed the skin [5], [132], [153]. Although it is always assumed that the physical-based
approach would be the most accurate, however, the musculature structure varies between
different individuals. Moreover, to extract the human anatomical properties and modelling
them are extremely difficult. The drawbacks of these methods are (1) the requirement of a
skillful operator to construct these complex objects binding the skeleton to the skin, and (2)

very intensive computations needed to synthesize and manipulate the musculature objects.
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2.4. 3D Human Reconstruction

There have been numerous works done using vision-based system to construct the 3D
human model. They usually construct the surface skin of the model, and their techniques

fall into 2 categories: (1) 3D scanner-based system, and (2) passive multi-camera system.

2.4.1. 3D Scanner-based and Active Systems

The scanner-based and active systems are available from many commercial companies.
There are many products that provide full 3D body scanning using laser scanners e.g. [166],
[167], [174]. The work of [31], [159] that used structured light and projector are classified
under this family of approach. Typically, they use the triangulation principle, and with
laser light or pattern projection method and a CCD camera. Body scanners usually capture
the shape of the entire human body in about 15 to 20 seconds. The 3D surface mesh of the
subject could be obtained at the resolution of about 1 to 2mm. A summary by [124] gives a

brief overview of some 3D body scanners in table 2.1.

Table 2.1 Some of the commercial body scanning products and their features

Companies Cyberware | (TC)? image Vitronic Hamamatsu Wicks & Wilson
[166] twin [174] [176] [167] [177]

Products WB4, WBX | 2T4s Vitus 64 B Scanner TriForm BS

Time (sec.) ~17 ~12 <20 <16 <12

Accuracy (mm) ~1 ~1 ~1 ~1.5 ~2

Technology Laser line Structured Laser line Structured light | Structured light

light
Point density (mm) | 3x3 2.8x2.5 ~5x5

All of these commercial tools are rather expensive; they cost few thousands US$ e.g. a

whole body scanning system by Cyberware is priced at about US$300,000. We also
noticed that this kind of acquisition method requires the subject to stay still and rigid for

the whole duration of scanning, about 15 seconds for full body coverage, which is quite

20



ATTENTION: The Singapore Copyright Ac

f this document. Nanyang Technological University Library

Chapter 2. Background and Reviews

constrictive and not very practical in certain application. We have to take note that some
laser scanned data may require the user to register a few key landmarks manually before
automatic processing is performed to stitch up the multiple range images. In addition,
scanner-based methods only give the surface of the model and do not contain any

information on the skeleton.

2.4.2. Passive Multi-view Systems

The multi-view approach is much cheaper; also video cameras are more easily available
and their set-ups are much simpler. Since video images are 2D, the pinhole camera model
is always assumed. All multi-view 3D reconstruction methods need the camera poses and
orientation to be known. These parameters may be obtained from the calibration of
cameras realized beforehand or executed on the run by using structure-from-motion self-
calibration methods [86], [114] and [115]. The most common approach usually begins with
a similar fashion as with the motion capturing algorithm i.e. image processing or
segmentation is carried out to extract natural characteristic features from the images:
corners, feature points, edges/lines, regions, silhouettes, etc. Then the features that appear
in the respective images are tracked to establish point matches for camera calibration on

the run, and 3D reconstruction when calibration is available.

Shape-from-silhouette method is a very common approach to reconstruct human
models using 2D silhouettes from multi-views, due to the simplicity for silhouette
segmentation and representation convenience. In [152], the human model is built using
silhouette-based volumetric reconstruction from multiple calibrated cameras, whereas in
[139], they construct the subject by mapping 2D silhouette and 3D surface features from

multiple cameras to deform a generic humanoid model. Then in [68], they propose a
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method to construct the specific parts of the human subject e.g. arms, legs, from
orthogonal camera views via shape motion segmentation by having the human subject
undergoing pre-defined movement. Also in [88], they reconstruct 3D object that varies
with time by putting together the visual hull approach and a 3D dynamic model similar to
the active contour. All these shape-from-silhouette approaches require (1) the subject to be

segmented from their image backgrounds, (2) cameras to be calibrated a prior.

The theory of visual hull for general 3D object reconstruction had been reported in [81],
for smooth curved objects, [13], [15] for un-calibrated cameras or unknown viewpoints.
Also in [40], they perform 3D reconstruction by combining shape from silhouette and
hypothesis voxel removal to obtain the 3D surface of the object. The theoretical limitation
of visual hull had been presented in [80]. We must take note that the resultant 3D model
will be ‘blocky’ if there is insufficient view coverage. Figure 2.2 shows the cone of visual
hull using a 6-cameras set-up in our human model reconstruction. Figure 2.3 displays the

undesirable blocky effects especially for the human arms.

Another recent approach for 3D human reconstruction [124] extended the approach of
[114] using feature extraction and tracking, matching, self-calibration and dense point
correspondences, to recover the point cloud representing the subject. Their method requires
the subject to remain still for about 40 seconds during the video capture in order to obtain
the coverage of the whole body. Their results showed some limitations when completing
the regular surface model from the point cloud e.g. requiring the semi-automatic closure of
holes to clean up the model. Closely related to this method is to first track the feature
tokens in video streaming, and then apply the factorization method [27], [113], [148], or

recursive extended Kalman filter estimation [6], [158] to recover the motion and shape of
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rigid objects. Also in many early works e.g. [43], [58], they attempted to recover structure
and motion from perspective views parameterized by the projective geometry assuming
that the correspondents could be pinpointed. After the shape and motion had been
computed, with these methods, bundle adjustment [145] may be utilized to refine the
object shapes and camera poses, and in [134] aided by a 3D geometric model. However,
these methods are very constrictive for the subject, and more importantly (1) feature points
alone are too sparse to make up the human, and (2) reliability of feature points tracking

suffers severely from foreshortening and occlusion limitations.

Figure 2.2. Cone of the visual hull method using 6 cameras
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Figure 2.3. Shape-from-silhouette using 6 cameras. Some parts of the body are very blocky

and unreal.

There are other approaches that tackle the 3D reconstruction of human by first building
an example database from range scanned 3D human models e.g. whole-body range scans
[4], and human faces [10]. This database is parameterized into a 3D morphable
characterization so that 3D model can be reconstructed from a new subject’s image query.
The example database and the parameters characterizing the morphable model need to be
well represented so that interpolation rather than extrapolation takes place while processing

the new query images.
Finally, there are a few remarks pertaining to constructing the 3D model:

1) It is impossible to recover the scale of a 3D object, unless some kind of metric

measurement of the 3D scene is known e.g. baseline between views.

2) We cannot recover the absolute position and orientation of the cameras and the 3D
structure. Only their relative values can be computed, unless if there are some form of

global positional references.
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3) The reconstructed model must have regular surface i.e. should not contained non-
manifold problems e.g. holes and open edges. This is to ensure that the animation,

deformation and rendering of the model can take place correctly.

2.5. Estimation of Skeletons

In order to synthesize the correct animation and acquire the true kinematics, the skeleton of
the 3D puppet must be similar to the subject. In general, scanner-based and multi-camera
systems do not reconstruct the human skeleton. In medical applications, the human
skeleton is obtained via X-ray, however its drawbacks are: (1) X-ray is not easily available,
(2) registering and integrating the X-ray data of skeleton with the 3D surface model could

require tedious post-processing.

There are works reported for estimating the skeleton joints location using commercial
mocap systems e.g. [22], [61], [103] and [105]. They are usually done by using
commercial motion capture devices to estimate the joint locations with the subject
undergoing predefined motions. There are 3 important factors to take note while using
these methods: (1) tedious post-processing may be needed to clean up the data, (2) the
joints that are estimated come from the extrapolation of data since the sensors are placed
on the surface of the subject since they are not at the joints, and (3) it is not the real

anatomic skeleton or bone, which may be useful for animation.

Instead of estimating skeleton joints by using commercial mocap systems, some
researchers also attempted to reconstruct the instantaneous posture form using its skeletons

and joints over a sequence of frames [7], [142], [162]. These methods assume that the
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point correspondences are given, and usually obtained via tedious manual point-clicking

over the sequence of images.

Another common approach to estimate skeletons and joint locations is to use medial
axis extraction algorithms based on mathematical morphology. Many techniques to
compute 2D and 3D skeletons of object have been proposed over the years [53], [87]. In
[127] skeletons were obtained from 2D images of the segmented subject, and in [90], [155]
the authors extract the skeleton of the 3D model constructed by its visual hull. However,
researchers have acknowledged that such approaches are very sensitive to noise and the
uncertainties due to noise are not easily tractable. Other works attempt to improve the
skeleton estimation by labeling body parts to kinematics chain of super-quadrics
representing voxel data [144]. Also in [98], they derive a common kinematic structure
through representing the shape of the subject in each time frame by using augmented
Multiresolution Reeb Graph [62]. However, we have to take note that the skeletons
obtained mathematically are not the same as anatomic skeletons and do not take into
consideration the skin deformations, hence numerical skeletons will not give the true

anatomic joint locations e.g. the human’s elbow joint is not at the centre of the surface skin.

2.6. Discussions and Summary

In this chapter, we have presented a general survey of the existing literature for 3D visual
tracking and modeling of humans. We have also briefly addressed the issue of skin
deformation, which by itself requires focused attention. The vision-based approaches that
had been used for human motion tracking were very much diversified. Right from the entry

point, they utilize different kinds of segmentation techniques to extract various
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representations for the tracker, ranging from feature or contour points to optical flow, and
each of these have its own problems such as occlusion, lack of texture and foreshortening.
Hence, there is no fool-proof method for image segmentation that can cater for all the
environments. The tracking algorithms can range from active contours, example-based,
numerical optimization for correlation matching. All these methods were proposed to meet
a particular application or operational need. Hence to derive an algorithm that is general
needs a lot more research and development work e.g. efficient construction of large set of
model databases, tests and verifications. The main conclusion of the surveyed methods was
they are still too fragile for practical usage. This motivates our approach whereby good 3D
geometrical human puppet models of the individual subjects are reconstructed and applied
to motion tracking. In addition, we will attempt to make use of the natural texture and
illumination information instead of relying heavily on the problematic feature

segmentation and representation, for doing the correlation matching.
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Framework

This chapter presents the overview of our motion capture framework and summarizes the
methodologies for acquiring 3D human motion. The pipeline for the motion capture
consisted of a series of processes. In Section 3.1, we give the process overview. In Section
3.2 and Section 3.3 we explain the 3D generic human puppet model and the main concept
to adapt it to fit with the specific subject. Finally, after the 3D puppet is pre-positioned

(Section 3.4), motion acquisition will take place and is described in Section 3.5.

3.1. Process Overview

Figure 3.1 shows the block diagram of our human motion capturing framework. The

typical flow of our process is:

1) Construction of the customized 3D human models of the subjects and store them

into the database.

2) Pre-positioning of human model to register with the subject seen in the starting

image of the video sequence.

3) Automatic tracking of the 3D human motion by analyzing the differences between
the real images and the synthesized animated human motion with the use of

feedback.
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Figure 3.1. Block diagram of our human motion capturing framework

In this dissertation, we focused on (1) the reconstruction of a 3D human puppet model,
and (2) tracking the human motions in the video images by synthesizing the posture of the
customized animated 3D puppet using rigid skin transformation. For the tracking of human
motions, we concentrated on acquiring the movement of the arms, which is quantitatively
small and articulated. This will give the flavor of the global human body tracking that we
intend to implement in the future. The pre-positioning is done by using the 3D interactive
software e.g. 3DS Max [163]. The components (1) and (2), and their integration allowed us
to realize the framework of Figure 3.1. The evaluation of the success can then lead us to
consider the feasibilities in more complicated scenarios e.g. multiple people full-body
tracking in highly cluttered environments. A substantial amount of work has been targeted

at the reconstruction of the 3D human model since prior research works had indicated and
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stressed the importance of using an accurate 3D puppet model for the acquisition of human

motion.

3.2. Generic 3D Human Model

Our human model reconstruction will make use of a generic 3D human model that is made

up of the external surface mesh and its skeleton (Figure 3.2). This 3D generic model that

we used is the ACT human model that is available in 3DS Max. The external skin is a

regular 3D surface mesh made up of about 15000 vertices and 40000 triangles. Its skeleton

is an anatomical human bone structure and the respective joint nodes are linked up by the

kinematics chain.

Figure 3.3 shows the overlaying of the generic model onto the different subjects in the

real images from separate camera views. We can notice that they are not the same in term

of both the shape and size, thus using the generic model for tracking will not yield the

correct result.

A higher level representation can be obtained by partitioning the human model into

various body parts i.e. head, torso, left leg, right leg, etc. Each body part is made up of a

3D mesh. Figure 3.4 shows the different body parts labelled with various colours. This

higher level representation will be useful during the registration of the local human limb

information (Chapter 6) and 3D human pose tracking (Chapter 7).
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Golf Stream - Inria - 2003

Figure 3.3. Examples of overlaying the generic model onto the subjects in the real images
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Figure 3.4. Various body parts labelled with different colour for higher level representation

3.3. Reconstruction of 3D Human Model

The block diagram of our model construction system is shown in Figure 3.5. Our task is to

construct precisely the external skin of the model given (1) a 3D generic model and (2) a

limited set of images of the subject acquired from different views. We used images from 6

different views providing an almost full body coverage of the subject. In this setup, we

have 3 sets of unknowns parameters that we desire to solve: (1) camera poses, (2) shape

and (3) size of the subject. Given these unknowns that are inter-related, our challenge is to

resolve all of them at the same time from a simple setup.

Our method does not need any special calibration tools. The anatomic measurement of

the player is used to deform this generic model to produce a specific model. Here, our

strategy is to use the human body itself as a calibration tool. The generic 3D model guides
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the camera calibration, which, in turn, allows 3D point reconstruction to estimate the
camera poses and produces a customized 3D model. The generic 3D model is important
because it also allows us to preserve the regular topology of the surface after its
deformation, which is necessary during skinning and graphical rendering. Another factor to
consider is that we do not want our subject to stay still or rigid for the whole duration of
image acquisition (e.g. stay still for 10 seconds). Here, acquisition is instantaneous.
Characteristic points are first used to yield an intermediate model, and next, silhouette limb

curves are used for refinement to obtain the final 3D human model with its skeleton.
The inputs to the algorithm are:

1) 2D images from the wide baseline views (ideally we should have good view coverage
of the subject). This acquisition will be done in a single time instance (without the need
of the subject to stay still or rigid for few seconds) by gen-locking the cameras. A

maximum of 6 images had been used.
2) Generic 3D human model (surface skin, skeleton and joint nodes; see Figure 3.2).

3) 2D/3D feature point matches in the image views and 3D generic human model points.
The point correspondences are performed interactively with the system only at the

beginning of the procedure (Figure 3.9).

4) Silhouette contours of the subject seen in the different views. This can either be done
interactively via a user or get the subject to wear special colored clothes for automatic

contour extraction.
The outputs of the algorithm are:

1) Calibrated camera poses of the different views.
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2)

Customized 3D model that will overlay nicely onto the images of the subject’s

silhouette limb in all the views.

This task can be realized on an off-line basis. It comprises four main stages: (1) choice

of the 3D precise location of the characteristic points chosen by the user on the 3D generic

model using the choice proposed qualitatively by the software on an IMAGE of this

generic model; (2) camera calibration and reconstruction of model characteristic points, as

described in Chapter 4, (3) refinement of model via silhouette limbs deformation, and (4)

skeleton estimation, as described in Chapters 5 and 6.

1)

2)

3)

Representation of the customized 3D human model consists of:
The surface skin made up of triangle mesh.

Bones made up of triangle mesh as well. Alternative, for simplicity, they can be 3D
curves/lines formed by the medial axes of these bones. The bones of different body
parts are also linked through a forward kinematics chain, the root of which starts from
the pelvis. During 3D animation, the bones will drive the surface skin by manipulating
its kinematics, which deform the surface accordingly (please refer back to Section 2.3

for the issue on skin deformation).

Given also the calibrated cameras parameters and real images of the subject, the texture
coordinate of each vertex on the 3D model can be computed by back-projecting its 3D
position through the camera parameters onto the 2D image coordinate i.e. (u, V)
coordinate. This texture coordinate is used for shading and rendering of the 3D model

during the motion animation.

34



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 3. Framework

This scheme of representing our 3D model using triangle mesh and texture were chosen

since they are easy representation for image synthesis and are well supported in many

existing graphics hardware.

Our approach consists first in showing Figure 3.6 to the user. This figure presents

images of the four main views of the generic model we chose. In this figure, the user may

see green circles and numbers which specify the 32 characteristic points that the technique

is going to manipulate. They were chosen from a bigger set of points but we chose the

points that we believe to be the easiest to locate PRECISELY on images of real humans

wearing clothes (that is the problem!). So, the user may immediately see what are the

characteristic points we want him to play with. This choice is qualitative (semantic, if we

may say so!). On the generic model, 32 anatomical characteristic points are proposed by

the system (Figure 3.6). Then the user has to choose HIMSELF the 3D locations he wants

to use ON the generic model by simply clicking on each of the 32 characteristic points of

the image(s) on the left and THEN click on his choice of 3D vertex of the 3D generic

model wireframe (see Figure 3.7).

Initialization of the 3D human reconstruction begins by establishing the 3D

characteristic points and their 2D correspondents in the respective images by using an

interactive point-matching tool that we have developed. Figure 3.7 shows an example of

selection of points (red crosses) on the 2D image of the subject guided by the 3D

anatomical features on the 3D generic model. The 32 points of the 3D generic model are

shown from two different viewpoints in Figure 3.8. Figure 3.9 and Figure 3.10 show the

2D feature points on the subject’s images (Please view Appendix D for more examples of

features points on the subject’s images).
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Human input is to ensure that the correspondents are all correct, so that the calibration
will be stable. Although feature extraction for wide baseline images had been reported [8],
[24], automatic feature extraction methods still face problem under unpredictable lighting
condition, lack of texture, foreshortening and occlusion in our situation when the views
have wide-baseline for full body coverage. Moreover good image features that are based
on texture invariants are different from anatomical landmarks such as the finger tips, knees,
etc. Also, visual anatomical landmarks are important clues related to the underlying
skeleton. Therefore, image features will not be used since they may not be of meaningful

anatomical landmarks.

Although human input is required, it is limited to 32 feature points in several 2D
images ONLY at the beginning of the process, and neither cleaning up nor further
tweaking is needed during the program execution later on. Thus, the operation of our setup,
which requires no prior camera calibration and moderate human intervention, are simple,
cheap and efficient. In [129], they had also carried out a similar approach. Many systems
that were developed to provide good and reliable 3D reconstruction usually begin with
some kind of user interventions e.g. [36], [100] and [139]. A fully automatic system can be
easily appended to our framework in the future if reliable feature extraction and point

correspondent techniques are available.

Through our study, we also know that feature points alone are insufficient to build the
3D model. Therefore, silhouette information will be utilized to improve the shortcomings
in just feature points. This is done through matching the projected silhouette of the 3D
model with reference to the real image silhouette of the subject (stage 2: silhouette limbs

reconstruction in Figure 3.5).
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Figure 3.5. Block diagram of our 3D human construction algorithm
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Figure 3.6. The 32 anatomical related characteristic points chosen are visualized (in green

circles) on the generic model
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Figure 3.7. Selected 3D anatomical related characteristic points of the generic model (on
the left) are chosen INTERACTIVELY on the 3D generic model on the right

Figure 3.8. 3D characteristic points on the generic model seen from different views
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Figure 3.9. Example of characteristic points selection on an image of a real golf player (on

the right). They appear as RED crosses when they are clicked. The user first clicks on a

green cross of the generic model (left) and then chooses its correspondent on the image

Golf Stream - Inria - 2003

Figure 3.10. Examples of feature points of the subjects’ images from different views

3.4. Pre-positioning

Before the automatic tracking of human motion can begin, the posture of the 3D model

puppet is registered and aligned with the subject in the first image of the video sequence in
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all the respective camera views. In this dissertation, we achieve the pre-positioning of the
initial human posture interactively by using 3DS Max. Figure 3.11 shows the pre-
positioned posture of a golf player’s arms at the same time instance overlaid onto images
from different views. An alternative way to do the pre-positioning is by automatic
recognition of human posture, however based on existing literature more work have to be

done and is outside the scope of our discussion.

Figure 3.11. Pre-positioned upper and lower arms of golfer overlay onto different views

3.5. Motion Tracking

A model-based analysis-by-synthesis framework is proposed for the tracking of articulated
human motion. A simple flow of this process is shown in Figure 3.12. The detailed
description of this methodology is explained in Chapter 7. The method that we used
attempts to deal with difficulties caused by images with cluttered and moving background,

and partial occlusion.
The inputs to the algorithm are:

1) Instantaneous video streaming from the multiple cameras.
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2) 3D animatable human puppet model of the subject and its color texture information.
The outputs of the algorithm are:
1) Instantaneous 3D posture of the subject, represented by its 3D joint kinematics.

2) The 3D mesh of the subject’s instantaneous body posture overlaid onto the

respective input images undergoing study.

instantaneous @
video images

Kernel
Generate/Synthesize Image matching
possible Iﬁ and 1—* Correct Human
Human Pose Error analysis Posture

—— e —————— — —— — —

Error feedback

3D Animtable
Human Puppet Model

Figure 3.12. Simplified overview of our human motion tracking algorithm

Once the 3D animatable puppet model has been positioned and registered correctly
with the subject in the images at first time instant, the color texture of these images will be
mapped onto the puppet via back-projecting the geometric information onto the 2D images.
The possible human pose will be generated and the 2D images of the synthesized pose will
be rendered. Then, the rendered images will be compared with the instantaneous video
images, while the matching errors are analyzed and fedback to the synthesizing module.
This analysis-by-synthesis loop iterates until it converges when the errors are minimized.

The algorithm will proceed to the images from the next time instant. The kernel of the
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analysis-by-synthesis algorithm can be realized by using a numerical minimization method

such as the simulated annealing.
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Camera Calibration and Reconstruction

from Feature Points

This chapter describes the first stage of our model adaptation system, which is made up of
the first three blocks in the system shown in Figure 3.5. We will carry out camera
calibration and 3D model reconstruction at the same time by using un-calibrated images
filmed from wide baseline. Using a set of 2D characteristic points from the subject’s
images in cooperation with their respective correspondents from the 3D generic model, we
iterate a process comprising the camera calibration and 3D point reconstruction until
convergence is achieved. We will obtain a set of sparse deformed 3D model points and
calibrated camera poses. By using the sparse deformed model points, we complete our
initial customized 3D model by interpolating the deformations to entire generic model
using radial basis functions (RBF). The results show that our method can operate in
different scenarios such as human subject of varied shapes and sizes, and possible input

uncertainties.

4.1. Camera Calibration and Pose Estimation

Pose estimation and camera calibration can be thought of as processes to determine the
geometric mapping between 2D image pixels and 3D rays in the world space. Given an

image | and the 3D geometry of an object E of the film scene, we want to find the
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geometric relation between the camera and the object E as it appears in the image I. The
parameters we seek for during these processes are (1) the extrinsic parameters (i.e. the
rigid rotation and translation representing the camera’s orientation and position in the
world coordinate system), and (2) intrinsic parameters (consisting of the focal length,

optical center, pixel ratios and distortions).

Over the years, many camera calibration techniques were already been developed.
Every camera calibration algorithm assumed that the 3D object information and their
corresponding features in the 2D images are already established. These features are usually
lines or points. The main approaches are: closed-form method, numerical solution, or

relating linear camera model to the perspective model by iterative solutions.

4.1.1. Closed-form method and numerical solution:

One of the early approaches of this class is the Tsai’s method [146]. Since then many
related calibration techniques had been proposed [57], [59], [151] and [161]. From the
3D/2D point or line correspondents, a linear least square formulation is carried out before
the intrinsic and extrinsic parameters are decomposed to obtain a closed-form solution
[161]. However, if the closed-form solution is insufficient, then it can be used as an initial
estimate followed by a non-linear optimization method to refine the solution. The accuracy
and stability of the non-linear optimization is highly dependent of the uncertainties of the

3D/2D correspondents.

4.1.2. POSIT for Camera Calibration

The geometrical relation between a weak perspective pinhole camera and a perspective one

may be formulated. DeMenthon [33] proposed the POSIT (pose iteration) algorithm, which
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improves the camera pose iteratively starting from a weak perspective camera model until
convergence is reached. Later, R. Horaud in [63], proposed a refinement by beginning
from the para-perspective camera model and introduced a way to take into account the
orthogonal constraint associated with the rotation matrix. POSIT, iteratively minimizes the
distance between estimated projections of features points of the object and their real
projections in the image. As POSIT is iterative, it requires a stopping criterion which is
directly related to the quality of the calibration. The possible stopping criteria are: (1) when
the maximum or mean of the difference (called re-projection error) between the real points
in the image and the projections of the 3D corresponding feature points is lower than a
threshold, (2) the rate of change of re-projection error is lower than a certain threshold or

(3) after a maximum number of iterations have elapsed.

The original POSIT algorithm was performed with known values of intrinsic
parameters. We can find the intrinsic parameters prior to using POSIT by using a camera
calibration algorithm like [14] as preprocessing. Another alternative that we propose is to
add an additional layer above POSIT in order to seek for the intrinsic parameters. This is
done by regarding POSIT as a function of the intrinsic parameters. For the true set of
intrinsic parameters, the calibration provided by POSIT will be optimal, whereas, for any
other set of intrinsic parameters, the pose estimation will be of worse quality. We will
minimize the re-projection error of the pose estimation in the space of the intrinsic
parameters. This minimization can be done by using the “downhill simplex” algorithm
[116]. The simplex minimization will converge to local minima, and in practice we can
further constrain the search space of the downhill simplex. Multiple initialization points

can also be tried once in every few millimeters interval and the computations can be
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completed in a few seconds using modern day processors. We can also limit the focal
length to be greater than 0 and not more than 1000mm (telescopic camera). Experiments

have shown that optimization of intrinsic parameters did not bring very satisfactory results.

The POSIT technique is adapted for calibrating our cameras, since it turned out to be
very stable during our computations. In our camera calibration setup, the calibration tool is

the subject itself. We do not need any special calibration tool.

4.1.3. POSIT Formulation

A classic pinhole camera model is shown in Figure 4.1. The feature points of a 3D
reference object are M; where i = 1, 2, ...N, and N is the total number of feature points.
These points is projected onto an imaging plane G, thus producing m;. We have the

following sets of known values:

1. The 3-vector feature points of M; in the object reference system, (Ui, Vi, W;). For

simplicity, we can use this as the world coordinate system.
2. The projected 2-vector m; of the feature points on the imaging plane, (xi, Vi).

We can compute M,, the centroid of the M; points in the object reference system, (U,,
Vo, Wo). From these known values, we seek for rotational and translational transformations
of the camera with respect to the reference object. Also M; and M,, which are unknowns in
the camera coordinate, have the coordinates (X;, Yi, Z;) and (Xo, Yo, Zo) respectively. The

rotational transformation, also called the rotational matrix can be written as:

i i0, i,
R=1J" =i b (4.1)
K]k, k, k
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Then, refer again to Figure 4.1, the translational transformation, T, is the vectorOM,,

which is equal to%Omo, by assuming that the focal length f is known. Next recall the

fact that k = fX]. Thus, the pose of the camera with respect to the object, and vice versa,

A

is fully defined once we findi, j and Z.

Figure 4.1. Perspective projection of m; and scaled orthographic projection of p; for an

object M; and a reference point Mo,
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POSIT Geometry

Scaled orthographic projection (SOP) is an approximation to the “true” perspective
projection. In SOP, the image of a point M; of an object is a point p; on the image plane,

which has the coordinates:
xi' =fXi/Z,, yi' =1Yi/Z, (4.2)

Whereas for perspective projection an image point m; would be obtained instead of p; with

coordinates:

Xi= in /Zi, Vi= in/Zi (43)

Then, the image coordinates of the SOP projection of p;, where s=Zi , can be written as:

X, = fXolZo + T(Xi = Xo)/Zo = Xo + S(Xi — Xo),
Y, = Yo +5(Yi = Yo) (4.4)

Now let us consider the equations that characterize the “true” perspective projection and
relate the unknownsi, j and Z, to the known coordinates of the 3-vector M,M; in the

object coordinate system, and to the known image points m; and mo.

—_—

M M. -

M, zi? = Xi(1+&i) = Xo (4.5)

—_—

MM, -

0

fo-
- 1= yi(l+&i) = Yo (4.6)

in which ; is defined as (please see [33] for proof):
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P —

- MM,k (4.0

& =

Next equations (4.5) and (4.6) can also be written as:
MM, 1=¢, MM, J=n; (4.8)

f - f -
where: I:Z— i, J=Z— J, Gi=xi(1+e) — %o, Mi =VYi(l+e) — Yo

0 0

and the term g; have known values computed through the previous iteration with an initial

values of all 0.
When given all the N feature points, equation (4.8) can be expressed in the form:

Al=x’, AJ=y’ (4.9)
Hence computing B, the pseudo-inverse of A, we get:

I=Bx’ and J=By’ (4.10)
POSIT Pseudo-code
The steps for POSIT algorithm for N feature points can be executed as follow:

1. Form the matrix A as in equation (4.9)

2. Compute the matrix B, which is the pseudo-inverse of A.

w

Initialize &" at iteration n=0. The superscript n denotes the iteration count.

A

Beginning of loop, starting from n=1: Compute i, j.

s

e Compute X’= xi(1+&"™) = X, and y’= yi(1+&"™) — y, Vi from &' to yield x’
andy’.

e Obtain I and J via equation (4.10).
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4.2.

e Compute the scale s as the average between the norms of I and J.
o Normalize I and J into unit vectors i and ]

Compute new &':

e Compute k=i x]

e Compute Z, = f/s

e Compute &" by using equation (4.7)

If |&"-&"" |>threshold, n=n+1; Go to step 2.

Compute the translational vector T = OM, = Om, /s

Set the rotational matrix to be orthonormal: k' =R/| k |, ] =j/|]|.

Characteristic Points Reconstruction

From the camera pose calibration we get a set of camera parameters, which maps each 2D

image pixels onto 3D rays in world space. We also have, at entry of the system, (1) the

generic 3D model in triangular meshes and (2) a set of 2D characteristic points from the

images corresponding to their respective 3D points on the generic model.

We will deform the 3D characteristic points towards the new positions through 3D

point reconstruction using the calibrated camera poses and the set of 2D characteristic

point correspondents from the images. Given M, the total number of images acquired, each

of the 32 feature points (indexed by i: i =1, 2, ....32) could be seen in the images K; times

(K i< M). We will not reconstruct the point if a feature point is only seen in 1 image i.e.

when K;<2.
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For the feature points that are visible in 2 or more views, we can compute their 3D
position via the intersection of projected rays (multi-stereo approach). We have taken into
account that the 3D rays do not intersect when the calibration is not perfect (which is our
case). To construct these 3D points, we generalized the stereo triangulation reconstruction
algorithm for multiple views. It is a linear algebra solution which seeks for a point in 3D
space such that it minimizes the sum-of-squares of distances to the projected rays from all
the possible views (Figure 4.2). More precisely we take each pair of rays and take the
middle of the segment which minimizes the distance between the two rays and compute

the centroid of all these middle points to get the result.

Cl 13
12 C2

Figure 4.1. Triangulation of projected rays from the images and 3D reconstruction when

the rays do not intersect (P is the reconstructed point)

4.2.1. 3D Triangulation from Multiple Ray Intersection

Given a 2D image point in pixel coordinate, we can convert it into the metric unit by
knowing the camera imaging sensor size. Alternatively, if we know the field-of-view and

the focal length, this value can also be calculated.
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For a feature point m in the imaging sensor plane, it can be written as a 3-vector:
u
m=|v (4.11)
f

where f is the focal length, and (u, v) are the sensor coordinate (Figure 4.3) in metric unit

e.g. millimeter.

Focal leng

Z

Rotation R ~
| and i C = m, in camera coordinate
_..—THinslation C -AKIEr position, e L
A in direction of d, in world
¥ coordinate

X
World coordinate

Figure 4.2. Projecting imaging ray in world coordinate

For 3D triangulation of 2D imaging points, assuming that a minimum of 2 calibrated
camera views are available, we can formulate the direction of ray coming out from each

imaging centre d; j in the world coordinate as:

a, i
di ;= RO +Rye| i (412)
¢ ) Imil f
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where i is the index of each 3D point when it is visible and projected to the respective
camera C indexed by j. R is the rotational matrix of the each camera 3-axis vectors with
respect to the world coordinate system, and it is arranged in column-wise to signify
transformation from the camera coordinates to the world coordinates. The (a, b, c) are the

coefficients of the unit vector d, Vi, j: d; visible in C;.

d i a,__,ﬁ + br._f.“' T _ri
C={xy:z)

il il

Figure 4.3. A point P that we want to construct by minimizing its distance to its projected

ray
Consider Figure 4.4, which shows a point P = (X, y, z) that we want to reconstruct and a

ray | that starts at the camera centre C; = (x;, y;, z) and has a unit direction vector

A

d, ;= a,jX+ bi;y+ ci;jz. For simplicity of illustration, we ignore the notation i to keep
our explanation to 3D reconstruction for a single point. For a particular camera, the vector
CD is the projection of CP onto the ray TJ , and we can write:

CP = (Xx-X)X +(y-y)¥ + (z-z) 2 (4.13)

And its magnitude is:

[CP| = Jox)?+ -y ) -2y (4.14)
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Thus, CD, the projection of CP onto ai is:
CD =(CP+d,)d, (4.15)
= [ay(x)) + bily-y) + &(z-2)] d (4.16)
Since ai is of unit length, the magnitude of CD s then:
€D = a0 + bityy) + 622 (4.17)

From the points PCD, which is a right angle triangle, we can invoke the Pythagas theorem:

Hﬁ’ = H@ - Hﬁ)’ 2 (4.18)
= PR =1+ 6+ ) Taoox) +biyy) + o) (@449)

When we are given the 2D image correspondent in 2 or more calibrated views, for each

set of correspondents seen in j cameras, we can minimize the sum-of-square error of

— 2
HDP for rays projected from all the possible camera views:

E(y, 2) = 2 10ex)° + (y))* + (22))1- [a(xx;) + by-y;) + c(zz;)]* (4.20)

An analytical optimization solution is obtained by differentiating E(x, y, z) with respect to

X, y and z, and then setting the partial derivatives to zero. Thus we will obtain 3 equations:

6E(>(;,Xy,z) = 2 [x—x, —ajx+afx;—ab;y+ab;y,—a,c;z+a;c;z;] =0  (4.21a)
7

aE(g,yy,Z) =Y [y-y,—ab;x+a;b;x; -b?y+b?y, —b,c,z+b;c,z;1=0  (4.21b)
Vi
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OE(x,y,2) _

T Y [z-z;-a;c;x+a,c;x; —bc;y+b;c;y, —cix+cix; 1=0  (4.21c)
A vj

After rearranging the (x;, yj, z;) terms on the right side of the equation, we get

Z[(l_aiz)x_aibiy_aiciz] = Z[(l_aiz)xi —aby; -acz (4.222)
Z[_aibix +(1-bf)y-bcz] = Z[_aibixi +(L-b?)y; —bicz, (4.22b)
Z[_aicix ~bey+(@L-cf)z] = Z[_aicixi ~bey; +(1-¢f)z] (4.22c)

Hence these 3 equations become the 3-by-3 matrix of:

Zj(l—a,?) _Zjajbj _Zjajcj X Zj[(l_az)xj —aby; —a;c;z;
—zjajbj zj(l—bj2 —Zjbici y|= zj[—ajbjxj +(1-b%)y, —b,c;z,1| (4.23)
=245 —Zjbici Zj(l—cf) z Zj[—ajcjxj —bc;y; +(@1-c?)]

This is a linear algebra expression of the form AP=b. Hence for each set of 2D image

correspondents from the multiple views we can compute its 3D position by solving for:
P=A'"b (4.24)
4.2.2. Parallel or Anti-Parallel Ray

The equation (4.14) will not yield a unique solution when the determinant of the matrix A
is zero. This happens when the projected rays are parallel or anti-parallel, i.e. the solution
can be anywhere along the lines or simply do not exist. In practice, we can simply check
for the determinant of the 3-by-3 matrix A and do not triangulate the point when the matrix

is close to singularity.
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4.3. Iterative Calibration/Reconstruction and Deformation

Vector

When all the possible characteristic points are reconstructed, we modify the generic model
on these points. Now, we have the new 3D model points and their projections onto the M
images (which do not move). However, it is not difficult to notice that when calibrating
using the subject itself, the 3D characteristic points of the generic model do not project
correctly in the early iterations. We then turn over to camera calibration with POSIT to
determine a better position of the (deformed) 3D model with respect to the camera. With
the new camera poses, we reiterate the process of 3D reconstruction to obtain a new
refined set of 3D model points, and we continue the loop of calibration / 3D reconstruction
until the process converges. The convergence criterion is simply when the rate of change
of camera poses between the iterations goes to zero. Although there is the element of shape
dissimilarity between the real 3D model and the generic 3D model and also the high
number of parameters that we need to compute, our results in Section 4.5 will demonstrate
that our process converges properly. In the situation when the cameras are already

calibrated beforehand, then the 3D reconstruction of points is just a single iteration.

At the end of this process, we have the original set of 3D points from the initial generic

model G; and a final set of reconstructed 3D points P;. Using G; and P; we obtain a set of
deformation vectors ﬁ (see Figure 4.5 for example). The set of deformation vectors will

be used for the whole 3D model (next section).
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Figure 4.4. Example showing some deformation vectors resulted from 3D reconstruction

Readers may notice the analogy of our calibration/reconstruction algorithm to the
standard bundle adjustment [145]. Bundle adjustment had been termed as a process of
refining a visual reconstruction that describes the 3D scene geometry and the parameters of
its acquisition optical devices. Bundle adjustment assumes 3D scene geometry and camera
parameters are available for refinement. It is usually formulated into a non-linear
optimization problem that represents its data in the form of a large sparse matrix. In

contrast, our algorithm is formulated with the following characteristics:

1. Every feature point will have its respective reference on the surface of the generic
model. These references serve as an important relationship for the deformation of
3D surface model and its underlying skeleton in the latter stages.

2. We do not assume that camera parameters are available for refinement, i.e. they
have to be calibrated as part of this iterative algorithm (please see also setup 3 of
Section 4.5.1.).

3. The initial 3D features that come from the generic model may be quite far away in
distance from the real subject when both of these are superimposed onto each other

(please see Figure 3.3). This depends on the size and shape of the subject.
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4. We do not need to represent our data as a large sparse matrix.
From point 2 and point 3, our method can be viewed as more of a model adaptation
algorithm, rather than just refining of variables as in standard bundle adjustment. In
addition, our calibration and reconstruct processes are more strictly decoupled as compared
to the classical bundle adjustment that was formulated into a nonlinear least-square

optimization function.

4.4. Reconstruction by Interpolation of Deformations

Considering the reconstructed characteristic 3D model points, we notice that they are very
sparsely distributed. These sparse points are not sufficient to represent the complete 3D
model. Therefore, we make use of the sparse points in collaboration with the generic 3D
model to complete the 3D model deformation via interpolation by radial basis function.
We have obtained a set of sparse deformation vectors in 3D from the preceding stage.

Let ﬁ be the i deformation vector, which sends G; onto P; (where G; is the deformation

center). Let us consider 3 functions, Fy, Fy, F: R* — R, which, in each point in space,
returns a deformation value respectively along axes X, Y and Z. We can formulate the

radial basis functions from the 3 constraints Fy, Fy and F,, so that the deformation defined
for each center G; is exactly G,P, and is interpolated elsewhere. In each point of space O,

the deformation will be a linear combination of the deformations at the centers, according
to the distance between O and each center. For N centers, the deformation along axis X

will be:

(0= W, *o(o—0)) (4.25)
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where o(r) is the radial basis function, and A, is the weight with respect to the i"

deformation center, according to the x-axis. In order to obtain a smooth interpolation,

which is not too local, we choose the simple norm:
o(n=r (4.26)

This function is equivalent to the morphing function with can be considered as a special
case of the RBF. It has been proven by Duchon [38] that the deformation obtained is then

continuously differentiable.

We must define the function Fy, respectively F, and F;, so that F,(G;) (respectively

Fy(Gi) and F;(G;)) gives the exact deformation from G; to P; along the X axis (respectively
Y and Z axes), where ﬁ is the i" deformation vector. Thus, we obtain the set of

following constraints:

F«(Gi) =GP,

F(G) =GPy

F«G) = G,Pz (4.27)
where ﬁx (resp. @'y and ﬁz) is the X coordinate component (resp. Y and Z
coordinate) of ﬁ .

In the equation (4.15), we have N unknown variables for each direction X, Y, Z, i.e. 3
unknown weights [Wix Wi, Wi;,] for each deformation center, and in (4.17), there are Nx3
constraints (N for each direction). This linear equations system can be written in the matrix

form according to equations (4.15), (4.16) and (4.17):
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oo.-0)) o(o-0)) ... oo, —oy) || Wy W, W, GP. GP. GPy
quz _01‘) WxZ Wyz VVZZ _ G_If)xz G—If)yz G—If)zz (428)
GQON _01‘) ------------------ G(‘ON _OND WxN WyN WN Eli’xN G_Ii)yN G—IszN

This system (4.18) is completely determined and unique, is in the form of:
oW=A (4.29)
Hence, this is solved with a least square linear algebra solution:
W=oc'A (4.30)

After having obtained the deformation weights W, we can then use them to deform the
rest of the model points using equation (4.15). This gives us a specific complete initial 3D

external skin model of our subject.

The computation time of the matrix inverse rises exponentially with the size of matrix.
We can notice that from equation (4.18) that the matrix ‘g® is symmetrical. Fast
computation of the inverse of symmetrical matrix can be achieved by using the Bunch-
Kaufmann factorization that is available from the CLAPACK [165]. It will highly

accelerate the computation time especially when the size of the matrix is large.

4.5. Implementation, Results and Discussion

In this section, we show the results of executing our algorithm for two subjects of different
shapes and sizes. These real images provided by the MIRAGES lab, INRIA, France are
filmed for the Golf Stream project. All the image sizes are 720x576 pixels. One is the
image set of the ‘big man’ who is a bit plumb and stands taller than 1.85 metres, while the

other is the ‘small man’ who is much skinnier and about 1.7 metres in height. Moreover,
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the ‘small man’ is standing with his feet close together as oppose to feet apart for the
stanza posture. We show in our results that our algorithm is able to converge correctly for

subjects of different sizes and shapes.

Our algorithm was implemented using C++ without any code or hardware optimization.

The tests are conducted on an Intel Pentium IV processor.

4.5.1. Setups for checking results

There are 3 different setups that we will use to check and verify our results. Six images
giving coverage of each subject were used for building its 3D model. We will assume that

the interactively corresponded feature points are accurate and correct.

Setup 1:

Calibrated cameras — when all the cameras are calibrated, and the 2D characteristic points
corresponded, then the 3D reconstruction is simply the triangulation of all these
characteristic points. This setup is always stable and could be used as a reference.

Setup 2:

Begin by pre-positioning the 3D generic model to roughly align with all the cameras views,
and then click on the 2D characteristic points. In other words, the camera poses were
provided with an initial value. From the 2D corresponding features, in cooperation with the
3D feature points on the surface of the generic model, the execution starts with 3D
reconstruction via triangulation of features from the coarse camera poses before iterating
the camera calibration and 3D reconstruction.

Setup 3:

Similar to setup 2, from the 2D corresponding features, in cooperation with the 3D feature

points on the surface of the generic model, the camera calibration and 3D reconstruction
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loop iterates until convergence is reached. In contrast with setup 2, camera calibration is
executed first before 3D reconstruction takes place, and the calibration/reconstruction
algorithm iterates. Thus, in this setup, no initial camera poses were used. This setup has the

most uncertainties.
The RBF deformations take place after the respective setups have converged.

4.5.2. Visual Analysis

Figure 4.6 shows the top-views of the scenes for both subjects from setup 3. We can see
that the relative positions and orientations of the objects in the scenes are very similar.

These results are also very similar to those using setups 1 and 2.

We can back-project the reconstructed 3D model onto the 2D images by using the
calibrated camera geometries to visualize the differences. Figures 4.7 and 4.8 are the
results of the 3D reconstruction of both the subjects. The results are very similar for all the
three setups. We can observe that the global shape of the subjects, when overlaid onto the
background images from the different views are very close to each other. However, the
limbs of the subjects are not always properly fitted, due to the fact that sparse feature
points do not contain enough information to make up the local surface of the human body

(see figures 4.9 and 4.10).
4.5.3. Quantitative Analysis

Reprojection Error
The reconstructed 3D features are back-projected onto the 2D imaging plane via the
calibrated camera geometries to compare the differences with the hand-clicked points in

the images. Figure 4.11 shows the typical convergence using setup 2 (blue label) and setup
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3 (red label). As a result of initial pre-positioning of the 3D puppet, setup 2 took fewer
iterations to converge. The algorithm usually takes less than 20 iterations to converge,
which is less than 100msec. The typical average re-projection error is about 1.4 pixels with

a standard deviation of 0.7 pixel.

Comparison Between the Different Setups

3D model reconstruction from un-calibrated cameras can recover the 3D object geometry
up to a relative size and orientation. We will compare the quantitative measurement of the
shape and size of the models reconstructed from the three different setups. Since we
already knew the indices of the model vertices, a simple way to compare their 3D
corresponding relative positions can be done by aligning their relative translations and

orientations.

Given 2 sets of 3D points representing 2 objects that we already knew their
correspondent topological relationship, the distribution and location of the 3D points with
respect to their principal axes should be similar (see Figure 4.12). In other words, we can
transform the 3D points of each human models onto their respect principal axes (PCA

transformation), and then sum up the magnitude of the positional differences.

For a set of 3D points A, which stacks all the 3D points as column vectors, its principal

axes are the 3 eigenvectors of the 3x3 covariance matrix C, computed as:

i(A—K) (A-A)T (4.31)

C:i
N i

where A is the mean or centroid of the point-set A and N is the total number of 3D points.
Then the eigenvectors v; and its corresponding eigenvalues A; can be calculated from the

formulation:

64



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 4. Camera Calibration and Reconstruction from Feature Points

Cv=Av (4.32)
The PCA transformation is performed on all the 3D points given as

Vi

A =|v) |e(A-A) (4.33)

T
V3

The square roots of their eigenvalues are the distributions of the data in the respective
principal axes. In other words, the difference in scale between the two models is in fact the
ratio between their eigenvalues i.e. if the ratios between the 3 eigenvalues are similar, then
the 2 model shapes can be uniformly scaled. The detailed derivation of PCA can be found

in references such as [64].

Comparing the Reconstructed 3D Features and Mesh
We transformed the 3D points reconstructed from the 3 different setups into their

respective principal axes for comparison (using equation 4.23).

Table 4.1 shows the typical average distance errors and standard deviations for
comparing the relative shapes and sizes of the features reconstructed from the 3 different
setups. Since the depth of the cameras and the size of the model are adapted to each other,
the size of the 3D model built using the different setups will be some simple scaling by a
factor. Thus, all the 3D points are scaled by the average of the 3 ratios of their square-
rooted eigenvalues i.e. from eigenvalues of setup 1 = {A1, A2, A3}, eigenvalues of setup 2 =

{x1, k2, K3}, therefore the scale s, is calculated as:

s= liﬁ (4.34)
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Table 4.1 also shows the scaling factors for the different setups. The same method is used

for comparing the results after RBF deformation (see table 4.1).

We had observed that the ratios for eigenvalues between each setup in all the cases are
less than 1.8% error, which means they are fairly uniformly scaled, therefore the
formulation in equation (4.24) holds. From the results, we can see that the differences are
relatively small and will be hardly visually noticeable from the cameras, which were

placed from a distance.

Table 4.1 Typical errors for comparing the reconstructed subject via different setups

Positional error and standard deviation for:
Scale factor
3D feature points Model mesh vertices
Setup 1 vs setup 2 0.93 cm, 0.38 cm 0.85cm, 0.14 cm 1.0074
Setup 1 vs setup 3 0.91cm, 0.37 cm 0.879 cm, 0.405 cm 1.0692
Setup 2 vs setup 3 0.19 cm, 0.034 cm 0.16 cm, 0.0756 cm 1.0614

Table 4.2. Typical distances of each camera measured to the centroid of the 3D model

Camera 1 Camera 2 Camera 3 Camera 4 Camera 5 Camera 6

Distance

1792 m 7.92m 5.36 m 7.89m 559 m 6.16 m
from

Table 4.2 shows the typical distance between each camera measured to the centroid of
the 3D model. The same method for checking the positional differences for feature points
used in the previous sub-section is used for checking the relative position of the cameras
estimated using the different setups. An example setup of relative directional differences

between the cameras is shown in table 4.3 (setup 1). Each relative direction is the angle
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measured between 2 optical axes i.e. pointing direction of the two cameras. Table 4.4

compares the mean differences between the relative positional and viewing direction of the

cameras from the three setups.

Table 4.3. Example of relative directional differences between the cameras (e.qg. setup 1)

Angle

Camera 1 Camera 2 Camera 3 Camera 4 Camera 5 Camera 6

between

Camera 1 89.6° 176.9° 137.2° 89.7° 37.74°
Camera 2 89.6° 91.3° 133.2° 173.1° 124.08°
Camera 3 176.9° 91.3° 41.97° 89.04° 142.46°
Camera 4 137.2° 133.2° 41.97° 47.9° 101.31°
Camera 5 89.7° 173.1° 89.04° 47.9° 57.45°
Camera 6 37.74° 124.08° 142.46° 101.31° 57.45°

Table 4.4. Error comparison of the camera poses via different setups

Positional difference and standard

Rotational difference and standard

deviation deviation
Setup 1 vs setup 2 0.279m, 0.11m 2.508°, 2.25°
Setup 1 vs setup 3 0.293m, 0.10m 2.581°, 2.09°
Setup 2 vs setup 3 0.034m, 0.021m 0.231°,0.29°

From the comparison between the results of the cameras position and viewing

direction, we can see that the amount of error is relatively low, considering the inter-

relationship between the camera poses and 3D model that we have to solve. Hence, at this

stage, it is suffice that the camera calibration and 3D reconstruction are stable and

consistent.

67



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Towards a Model-based Marker-less Human Motion Capture

Uncertainties from 2D Image Correspondents

This sub-section presents an empirical study assuming the interactive selections of feature
points on the 2D images are not perfect (which is really the case!). We will analyze the
outcome of the camera calibration and 3D reconstruction given these uncertainties. The

imperfection is simulated by adding random white pixels noise to the 2D feature points.

Figure 4.13 presents the plots for the convergence of the algorithm for the re-projected
pixel error plot versus the number of iterations when the algorithm is perturbed by various
amount of pixel noise. Table 4.5 shows the errors in the 3D model reconstruction due to
noises in setup 3 as we make comparison with the ‘noiseless’ setup 1. Then on table 4.6 we

show the positional and rotational differences due to the noise.

Table 4.5. Error in the 3D model due to noises in setup 3 when comparing with setup 1

Reprojection Positional error and standard deviation for:
error (pixels) and | Scale
standard factor
deviation 3D feature points Model mesh vertices
No noise 1.465, 0.86 1.0692 0.91cm, 0.37 cm 0.85cm, 0.33cm
1 pixel noise 1.465, 0.87 1.0705 0.956 cm, 0.4199 cm 1.072 cm, 0.462 cm
2 pixels noise 1.504, 0.89 1.073 1.099 cm, 0.519 cm 1.318 cm, 0.545 cm
4 pixels noise 1.697, 0.96 1.0763 1.431 cm, 0.7214 cm 1.876 cm, 0.75cm
6 pixels noise 2.000, 1.12 1.0791 11.232cm, 10.516 cm 2.473 cm, 0.981 cm
8 pixels noise 2.379, 1.33 1.081 11.35cm, 10.53 cm 3.071cm, 1.22 cm
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Table 4.6. Error in the camera poses due to noises in setup 3 when comparing with setup 1

Positional difference and standard Rotational difference and standard
deviation deviation
No noise 0.293m, 0.10 m 2.581°, 2.25°
1 pixel noise 0.321m, 0.119 m 2.91°,2.48°
2 pixels noise 0.34m, 0.146 m 3.23°,3.02°
4 pixels noise 0.378 m, 0.22 m 4.01°, 4.03°
6 pixels noise 0.43m, 0.259 m 4.92°,5.05°
8 pixels noise 0.485 m, 0.304 m 5.78°, 6.01°

4.6. Concluding Summary

In this chapter, we showed that with un-calibrated images from wide baseline, our method,
which comprises iterative camera calibration / 3D reconstruction and RBF deformation, is
able to produce customized 3D puppet models of human subjects of different sizes. Given
the number of unknown parameters to be solved are inter-related, and containing many
possible local minima, there might be a slight difference between the relative camera poses.
This could be due to the variation of the subjects’ sizes. Nevertheless, the results are fairly
consistent. The uncertainties caused by pixel noises in the 2D feature points were also

investigated. We conclude that our algorithm can cope with errors of up to 4 pixels.

It is clear that 3D reconstruction using feature points are inadequate to build a whole
model due to the sparseness. Nevertheless, at this stage we have a 3D model that is closer
to the subject, called the intermediate 3D model. Further improvement to the intermediate
model could be made through using the silhouette limbs, which will be explained in details

in the following two chapters.
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(@) Top-view of ‘small-man’

(b) Top-view of ‘big-man’

Figure 4.5. Top-view scenes of the final results of calibration/reconstruction obtained for

two subjects of different size and shape
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Figure 4.6. 3D Model of the ‘big-man’ superimposed onto the images from 6 different

views
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Golf Stream + Inria - 2003 . Golf Stream ~ Inria - 2003

P e S

Golf Stream - Inria - 2003 e o g Golf Stream - Inria - 2003

Goll Streant - Inria - 2003 Golf Stroam - Invia - 2003

Figure 4.7. 3D Model of the ‘small-man’ superimposed onto the images from 6 different

views
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SR - sl
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Figure 4.8. Visual results indicating that the 3D reconstruction from feature points is not

enough, even though the global shapes and sizes are fine
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Figure 4.9. More examples showing 3D puppet not properly fitted via reconstruction from

feature points
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Figure 4.10. Typical convergence of the calibration/reconstruction iterations
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Figure 4.11. Comparing 2 shapes via principal component transformation (2D illustration)
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Figure 4.12. Convergence of the calibration/reconstruction iterations when perturbed with

random white noise

4% 5 Golf Stream - Inria - 2003 7% : ke e

Figure 4.13. Results for subjects of different shapes and sizes (with 2 pixels noises) —

superimposed on images from different views
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Golf Stream - Inrla - 2003 " Golf Stream - Inria - 2003

Figure 4.14. Results for subjects of different shapes and sizes (with 4 pixels noises) —

superimposed on images from different views
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Silhouette Extraction from Images and 3D

Model

To improve on the results of the 3D reconstruction from feature points, we can use the
silhouette limb information. It is known that the complete set of limbs obtained from all
viewing directions allows us to fully reconstruct the 3D shape and even from a small set of
views, the use of curves is much richer than points. The multi-view silhouettes of the
intermediate puppet model can be improved by registering them to the subject’s silhouettes
in the real images. This chapter explains how the silhouettes are extracted from the
intermediate 3D model and real images. Both sets of information are continuously linked
closed contours in image plane (but NOT IN 3D!) and are described by their respective

ordered lists.

5.1. Defining the Terminologies

Let us first define the terminologies that we use to describe our 3D model in this chapter,

and that will be used for the rest of the dissertation.

Contour Edge
A contour edge [74] is defined as an edge that is made up of exactly one front facet and
one back facet with respect to some viewing direction to the imaging plane. A contour

edge may be visible, occluded or partially occluded (see Figure 5.1b). Here, in addition, we
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do not consider edges that only have one facet since we are assuming that the model is a

closed solid.

Silhouette Edge

A silhouette edge is a subset of a contour edge. The difference between a silhouette edge
and a contour edge is that the silhouette edge is the visible part of a contour edge that
defines the outside boundary of a closed solid object (with respect to the camera viewpoint,

see Figure 5.1c).

Example of occluded contour edge that
will not be consider{ed as silhouette edge

/;
4
’
s

(a) (b) (c)
Figure 5.1. Example of (b) contour edge, and (c) external silhouette edge of (a) wire-frame

of an object

5.2. Extracting 3D Model Silhouette

From the calibrated cameras, we seek for an ordered list of vertices that form the
silhouettes of the 3D model when it is projected onto the respective imaging planes. In the
example on Figure 5.2, we must obtain the list of the pink points starting from the
projected edges (in blue). Raster image-based methods such as the Z-buffer are unsuitable
because they do not provide the 3D geometric topological path of the silhouette along the

surface of the 3D model. Detailed background on extracting silhouette from 3D geometric
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model may be referred to [67]. In definition, we need to use an object space silhouette
tracing algorithm so that we can obtain the 3D silhouette path that travels along the surface

of the 3D model.

In this section, we propose a simple method to extract the silhouette vertices of the
subject seen in the multiple cameras. The algorithm that we have developed requires the
3D model to have regular surface i.e. without any open edge and be properly triangulated

in its 3D mesh data structure. The main steps involve:
1) Finding all the contour edges.
2) Starting with a silhouette vertex.

3) Tracing along the silhouette edges in a counter-clockwise direction until they meet

an intersection with a contour edge (which is also a silhouette edge).

4) Moving to the new silhouette edge (via step 3) and continue tracing until it returns to

the starting point.

Our algorithm finds the contour edges first so that the possible edges for searching are

highly reduced.

Figure 5.2. Silhouette vertices of a model projection
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5.2.1. Tracing the Silhouette
Here we describe our algorithm for creating a list of 3D vertices belonging to a projected
model silhouette:

Step 1: Finding contour edges:

* A contour edge has been defined as an edge with exactly one front facet and one back

facet with respect to the camera projection.

* We can obtain all the contour edges of a model in a two-pass algorithm by checking all

the edges and their respective facets.

* First, we use the camera projection parameters to determine whether a facet is front
facing or back facing for all the facets in the model. This is done in a single pass process.
The facet information will be stored in a bit-array. A front facet will be stored as a binary

“1” whereas for back facet ‘0’.

* Every edge will consist of two facets since the surface is regular. We store for each edge
its pointer index to the facet information in the bit-array. This enables us to check for
contour edge efficiently using the XOR bitwise operation. We only scan the model edges

in one single pass to get the contour edges of the model.
Step 2: Initialization of silhouette edge tracing:
* The starting point of the silhouette edge tracing must be a silhouette vertex.

» Then we seek the vertex point that, when projected onto the 2D image, gives an extreme

value in the Y-coordinate (as compared to the rest of the model vertices). This vertex
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point will be the starting point, denoted point of reference P; (Figure 5.3). This is also a

one-pass algorithm which scans all the model vertices.

« An initial reference vector V; (in blue) is created.

Initial reference vector V;

Direction of
search f

Figure 5.3. Initial stage of the algorithm leading to the next edge

Step 3: Search for subsequent point of silhouette: (Figure 5.3)

 From the entire projected candidate edges (in red) related to point P;, we find the edge A.
The projected edge A (as compared to all the other candidates) will form the smallest
angle in the anti-clockwise direction with respect to the initial vector of reference V. In

reality, we will only need to scan the neighboring edges that are contour edges only.
Step 4: Updating the parameters: (Figure 5.4)
» Now the edge A takes over as the vector of reference V;.
* The point of reference P; is moved to point Q.

« Setting the direction of the vector of reference V; from the point of reference toward its
previous projected silhouette point, we search for the next silhouette vertex by going

through all the projected candidate vertices in the anti-clockwise manner.
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Figure 5.4. Tracing of subsequent vertex

Step 5: Iterating and ending:
» We iterate step 3 and step 4 until the current point of reference is the start point.

5.2.2. Intersection of Silhouette Edges

In the sub-section 5.2.1, when we are running steps 2 to 5 of our algorithm, we may
encounter the situation whereby the projection of 2 silhouette edges intersecting with each
other. Since our model is a highly concave, there will be discontinuities in 3D depth along
the silhouette, and since it is a discrete 3D triangular mesh, there would be intersections of
edges when we project them back onto the 2D images. This is illustrated in Figure 5.6a, a
typical case where intersection occurs, and on the real scenario in Figure 5.5. In Figure
5.6b and Figure 5.6¢, we illustrate some of the examples of intersections of projected edges
that we have to consider. The shaded part (in green) belongs to the projected facets of the
model. The blue arrowed lines are the silhouette edges and the brown arrowed lines are the

contour edges.
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Figure 5.5. Real scenario of a typical intersection of projected silhouette edges
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Figure 5.6. (a) typical intersection of projected edges, (b) and (c) 2 particular cases of

intersections (note: the shaded parts, in green, belong to the body of the model)

When tracing the silhouette vertices via the path of silhouette edges, we know that the
edge represented by the vector of reference V; can only make intersection with contour
edges. We can also assume that for our 3D model, the number of contour edges is

relatively small. Here are the details when we are tracing the silhouette vertices:

1) For each instance of the vector of reference V; along the tracing path, we check for

all the possible intersections with all the contour edges. To improve on the
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2)

3)

4)

searching efficiency, we do not need to check for possible contour intersection for

those contour edges that are already been traced as silhouette edges.

As illustrated in Figure 5.6, it is possible to obtain more than 1 intersection point.
In this case, the intersection point will be taken as the point that has the smallest
projected distance to the point of reference P;. The corresponding contour edge that

gives rise to this intersection point is the intersected edge B.

Each intersection computation will give us 2 points that have to be determined in
3D. The first one is the new end point on the edge represented by the vector of
reference V;. The second will be the point of edge B intersected by the other edge
point. The 3D coordinates of these 2 points can be calculated using equation (5.4)
given their projected intersection points in 2D. Then, we remove both edges from
the list of edges and replace them with four edges, by adding the intersection point

to each edge, and so on recursively until there is no more intersection.

Steps 3 and 4 (from Section 5.2.1) can then be run without any problem until the

tracing of the complete silhouette is obtained.

To further improve the speed of this silhouette tracing algorithm, we can partition the

projected contours edges into a 2D bucket array to further reduce the search candidates.

5.2.3.

Computing the 3D Silhouette Intersection Points

Now we will present the equation for the computation of the two 3D points along the two

intersected edges when projected onto the image plane. From the projected edges, we have

an intersection point in 2D at position (us, vs). For each edge, we have the two vertices (at

the 3D positions W; and W,) which project onto the image plane, and we know that the

84



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 5. Silhouette Extraction from Images and 3D Model

projected intersection point in 3D W, must lie along the edge. We also know the 3x3
rotation matrix R and 3x1 translation matrix C of the camera body in the world coordinates.

Figure 5.7 shows a simple illustration.

/ Imaging plane

(u, v)in
imaging
plane

Figure 5.7. Geometry illustrating how to obtain the 3D point via projected edge

intersection point

Given that the rotational 3x3 matrix R can be expressed as:

r,’
R=|r,’ (5.1)
r,’
and
W = A(W2 -W;) + W, (5.2)
from

— rlT (ﬂ.(VVZ _W1)+W1 _C)

= (5.3)
T (AW, -W,) +W, ~C)
we can solve 4 by evaluating equation (4.2.3) as:
_ T T

(\Nz _Wl)(rsTus - I’l)

We will put 4 back into equation (5.2) to get the projected intersection point in 3D, Wk,
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5.3. Extracting Silhouette Pixels from Images

The segmentation and extraction of silhouette pixels from real 2D images may be done
either in an automatic way using edge detection, or interactive way. Many edge detection
algorithms for image segmentation had been proposed over the decades e.g. Canny filter
[21]. However, using edge detection to segment a continuous close contour of the subject
from any cluttered and noisy image is impossible. The only way to achieve this is to

acquire the images in a very well controlled environment:
1. Make the subject wear special coloured cloth.

2. Make the background colour of the scene to be contrasting to the foreground

subject.
3. Ensure a very good illumination setup.

If a very well controlled environment is unlikely, then we have to resort to bring out
the silhouette features interactively. We can make use of the curve digitizing tools (e.g.
Bezier curves drawing) available from common commercial software programs like the

Adobe Photoshop.

We will perform edge-linking after we have obtained the digitized contours using any
one of the above-mentioned methods. Edge-linking is a procedure where we link
neighbouring contour pixels. This is necessary so that topological information is

maintained when we will have to match the two sets silhouette curves.
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5.4. Results

The outcome of the silhouette extraction is the 2 sets of information: (1) the ordered list of

3D vertices and their respective projected pixel location in the 2D images that made up the

silhouette of the intermediate 3D model, and (2) ordered lists of continuously linked 2D

pixels that form the silhouette of the subject in the real images. These 2 sets of information

will be registered with each other and then used for refining the intermediate 3D model.

Figures 5.8 and 5.9 show the silhouettes extracted from the intermediate 3D models of

the subjects (shown in figures 4.6 and 4.7) from 6 different views. Figure 5.10 shows the

close-up views of the silhouette path traced along the surface of the 3D model seen in

different views. Some of the edges of silhouette are jagged since the 3D model is a discrete

mesh and has 3D discontinuity on the model’s surface (see Figure 5.5 and Figure 5.6). The

blue curves show the continuous paths along the model surface, while the yellow line

shows the discontinuity. Figures 5.11 and 5.12 show the silhouettes (in red) that are traced

along the limbs of the subjects and are superimposed onto their respective images. Each

model silhouette is made up by about 1000 to 2000 vertices.

The computing time (without any algorithmic and hardware optimization) to extract the

silhouette from the intermediate 3D model is less than one second for each camera view.

Should edge detection e.g. Canny filter be used for extracting silhouette from the 2D

images, the computing time will not be significant given any modern day computers.

Therefore, the total computation needs to extract the silhouettes from both the 3D human

model and the real images could be easily fulfilled.
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Figure 5.8. Silhouettes extracted from the intermediate 3D model of the ‘big-man’ seen in

different cameras
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Figure 5.9. Silhouettes extracted from the intermediate 3D model of the ‘small-man’ seen

in different cameras
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(b)

Figure 5.10. Close-up views of the silhouette path (blue curves) traced along the surface of

the 3D model seen in the different views
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Figure 5.11. Silhouette (in red) of the ‘big-man’ for different camera views in the real

1Images
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Golf Stream - Inria - 2003 i Golf Stream - Invia - 2003

Golf Stream - Inria - 2003

Goif Stream - Inria - 2003

Figure 5.12. Silhouette (in red) of the ‘small-man’ for different camera views in the real

Images
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3D Model Deformation via Silhouette

Matching

We have identified that the silhouettes of the subject can be used to reconstruct better 3D
human model than with just feature points, which are very sparsely distributed in 3D space.
This chapter explains the detail of matching and registration of the silhouettes from the
intermediate model to the subject’s silhouettes in the real images. The registered
information is then used to formulate the RBF deformation vectors for transforming the
skin and skeleton of the intermediate 3D model to fit the specific subject. In Section 6.1,
we give an overview of our model refinement framework using silhouettes, and in Section
6.2 some general curve matching techniques are reviewed. Then Section 6.3 explains the
curve matching method that we developed to register the silhouettes. Next we formulate
the deformation vectors in Section 6.4 to improve the intermediate model before

concluding our results in Section 6.5.

6.1. Overview

Figure 6.1 shows the overview of the process to improve the 3D intermediate puppet
model by matching the silhouette curves. From Chapter 5, we have extracted the multiple-
view silhouettes from both the intermediate 3D model and the real images. These two sets

of information will be matched and registered.
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As shown in the bottom-left picture of Figure 6.1, the two curves must be registered in

the correct topological sequence. If the ordered sequence is not correctly followed, self-

intersection will occur later on while refining the 3D mesh of the model.

The 2D correspondent deviations between the model and image curve will be used to

calculate the 3D deformation vectors for improvement on the intermediate 3D model. Our

algorithm will automatically select a subset of the point correspondents along the matching

silhouettes so that we can avoid the large amount of point correspondents if we use all of

them.
Model Silhouette __Image Silhouette
3 .'.'.?:‘;' ;
-~
/ Curve )
Matchin
N\l LE) 9,
Projected silhouette s
——correct point, p,, maging
Image - ‘ plane
curve g
A ’
\\
Model ‘ 2D deformation Imdge limb
curve ! vector pont, p,
Curve Matching Deformation in the normal direction

Figure 6.1. Overview of process for improving the 3D model via image silhouettes




ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 6. 3D Model Deformation via Silhouette Matching

6.2. Curve Matching
From Chapter 5, we have extracted the 2 sets of curve information that we will register:

1) Sequence of 2D Points that made up the silhouettes of the intermediate 3D models
seen from varied camera viewpoints. For each of the 2D points from the silhouettes,
we will also have the 3D position and index identity of its originating vertex on the

3D model. We will call this set of points the model silhouette points.

2) Sequentially ordered lists of 2D Points that made up the silhouettes of the subject in
the real 2D images. These points are sampled at least 2 times higher than the model
silhouettes to prevent aliasing. We will call this set of points the image silhouette

points.

6.2.1. About Curve Matching

Many algorithms had been proposed for matching and registering curve and silhouette.
Popular methods are the active contour [71], dynamic programming [133], Fourier
descriptors [149], curvature scale space [94]. Contour registration method such as the
popular iterative closest point (ICP) [160] is not suitable since matching through the use of
rigid transformation and closest correspondent will not always maintain the correct
topological order along the curves. Extensive review of curve matching is outside the

scope of this dissertation.

At this point of time, the global geometries of the curves had already been aligned
through the camera calibration and 3D reconstruction process (in Chapter 4). Our objective

is to seek a suitable correspondence of the image silhouette for each model silhouette point.
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There are a few important points that we have to take note while performing curve

matching:
Topological Sequence among Curves

The 2D points from the model and image silhouettes have to be registered along their arc
length so as to enable the correct topological order. Wrong topological sequence will cause

severe self-intersection in the 3D model during the final deformation computation.
Inferring Correct Body Parts

Minimizing the global energy or maximizing the similarities between two curves does not
guarantee that the inferred relation to the correct part of the 3D object is preserved. This is
especially so when the object is highly concave such as the human body. In other words, a
projected point on the imaging plane may be coming from different body parts of a human
model. A highly concave object may result in many intersections of the projected
silhouette edges. Recall Figure 5.5, each point of the intersection is inferred to 2 body parts
e.g. left and right foot. We also have to bear in mind that the local surface geometry of the
3D model is not the same as the real subject seen in the images, and these local geometries
are in fact the entities that we are reconstructing. Figure 6.2 shows an illustration whereby
the wrong body parts from the silhouettes are registered, which will result in reconstruction
error in the later stage. It is clear that we have 3D geometrical information for each point
from the model silhouette, however, these information is not available for the image

silhouette points.
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6.2.2. Curve matching from local body segments

Each closed-contour silhouette of the 3D model can be partitioned in several 3D curve
segments with respect to the different human body parts. Curve matching could be carried
out for each individual curve segment. Next, the image silhouette is partitioned into curve
segments which are then registered to the respective model curve segments. Our algorithm
partitions the silhouette automatically, although some interactive corrections are

permissible in case of major problems.

Recall that in Figure 3.4 of Chapter 3, the human may be labelled into different body
parts. For every model silhouette point, we know which part of the body they belong to.
Hence we can easily break down the model silhouette into segments of curves by
traversing along the sequence of silhouette points. Consecutive silhouette points that

belong to a same body part will be parsed as a single curve segment.

The starting and ending points for each model curve segment have to be registered with
the appropriate image curve segment. Figure 6.3 shows a sample of the corresponding

curve segments between the model and image silhouettes.

The starting point and ending point of each model curve segment can be obtained by
scanning along the model silhouette points. An ending point of a model curve segment is
obtained when there is a change in the labelling to the body parts at the next silhouette

point, which becomes the starting point of the next segmented curve.

The topological sequences that go through the model curve segments will be
maintained while finding the correspondence in the image silhouette, which at the same

time partitioned the image curve into local segments. By assuming that the model and
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image silhouettes are relatively close, for either the starting or end point of a model
segment, we will search for the nearest point in the image silhouette that satisfies two

conditions:

1) The differences in the traveling direction at both pair of points are less than a
threshold. In our implementation, this value is chosen to be around 35 to 50 degrees.
This criterion takes care of big ‘shifted” misalignment between the 2 data (see
Figure 6.4 for an exaggerated example). We have to stress that rigid transformation
(of the orientation and position) that acts on the difference between the model and
image silhouette is prohibited at this stage (i.e. only the local deformations are
permissible) since they had already globally registered via the calibration-

reconstruction process in Chapter 4.

2) The matching point in the image silhouette will be searched in a forward sequence
based on the ordering index of the previously found points. This condition makes

sure that the correct matching order is preserved.

The image silhouette points do not contain any direct information inferring to the 3D
model. Parsing the long silhouette curve into multiple local segments confines the curve
matching and 3D reconstruction in the latter stages to be more local to their own respective

parts.

6.2.3. Subdivision curve matching

Curve matching will be executed on each individual parse segment of model and image
curves. This is done by recursively subdividing the model curve into 2 halves (upper and

lower curves, see Figure 6.5) at the point of its half arc-length, and then search for its
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closest point on the image curve, which will in turn be subdivided at the same time. The
recursive sub-division will proceed until no further points from the model silhouette are
left to be matched. Through the subdivision matching, the topological sequence along the

model and image curves are always maintained.

Figure 6.2. Typical scenario of registration of the parse segments between the model and

image silhouette — model silhouette (red), image silhouette (blue) & points indicating the

parsing (green)

Figure 6.3. Exaggerated example of searching for nearest point constrained by the

direction of curves (red — image curve, blue — model curve)
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Figure 6.4. Curve matching via subdivision. The model curve in blue and the image curve

in red. Hi, Hy and Hjs indicating the hierarchy within each segment

6.2.4. Curve matching Results

Figure 6.6 shows the typical results of the closed-up view for the matching curves (the
model curve is in ‘blue’ and the image curve is in ‘red’). Since the curve matching method
is a one-pass algorithm, the energy between the two matching curves may not be
minimized. Nevertheless, the matching points are sufficient to build the desired 3D human

model.

100



ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library

Chapter 6. 3D Model Deformation via Silhouette Matching

\ |
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Figure 6.5. Typical close-up results from matching curves (‘red’ — image curve, and ‘blue’

— model curve)

6.3. 3D Reconstruction from Registered Silhouettes

When the model and image silhouettes are registered, all the points from the model
silhouettes shall find a correspondent in the image silhouette (since the image silhouettes

are sampled at a much higher frequency). These sets of correspondents could be used to

obtain the deformation variables to yield the final 3D model.

6.3.1. Formulating the 3D Deformation Vectors

Each model silhouette point that finds a matching correspondent on the image silhouette
determines a 2D deformation. This 2D deformation is simply the projection of the 3D

deformation allowing the reconstruction of the 3D human model. The picture at the
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bottom-right of Figure 6.1 illustrates the geometry of each deformation vector that we want
to obtain. We seek for the point that is normal to the projected ray of image silhouette

while going towards the model silhouette:

1) Given the points pn and p; on a calibrated imaging plane, the cosine angle o
between the projected rays of the corresponding model and image silhouette points
can be calculated via taking the dot product of: pm = [Um, Vm, f] and pi = [ui, Vi, f]

where the u and v are the coordinates on the imaging plane, and f is the focal length.

2) Next the cosine angle o, and the length d, between camera centre and model

silhouette (CW,, ) is used to calculate length d; between the camera centre and
image silhouette (CW, ).

3) Finally, the new 3D point W; is computed by scaling p, which is the unit vector of

pi by its length d; after it is transformed back to the same coordinate system of the

3D model. The vector from W,, to W; will be the deformation vector.

From the set of curve matching correspondents, we can have a set of deformation
vectors which can add to the radial-basis function as in equations 4.15 to 4.20 (Chapter 4).
This RBF will be used to interpolate and refine the intermediate 3D model to yield the

final 3D human model.

Some vertices may be visible as silhouette points in more than one camera (frontier
point [28]). To deal with these vertices, we simply average the deformation vectors that are

associated to the same vertex.
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6.3.2. Selecting the Deformation Vectors

The features points from the intermediate 3D model and deformation vectors obtained
from the curve matching will be used to build the final 3D model. It can be made more

efficient, and still be accurate if we can select only the necessary deformation vectors.

Use of Feature and Silhouette Points

The feature points that were used to construct the intermediate model will be utilized.
Since these points define the global geometry of the 3D model, they will not be moved.
Therefore in the RBF matrix A, their deformation centres will be fixed with zero-

magnitude deformation vectors.

On the other hand, if the entire correspondents from the registered silhouettes for RBF
interpolation are used, we will have a very large matrix, which we have to invert. From the
typical 1000 to 2000 correspondents for each camera view, we will end up with a matrix
size of more than 10000x10000. Instead of using all the silhouette corresponds, we just

need to use a subset of those.

The 3D reconstruction via silhouette deformation begins by selecting the point
correspondent which gives the maximum error. Its 3D deformation vector and its center
are appended to the set of deformation variables D that already comprises those feature
points. It is then used to form the RBF matrix A;. This allows the computation of the
weights necessary for the deformation of the silhouette points of the intermediate 3D
model to new locations (call this set of newly deformed silhouette points S). We iterate the

following steps:

1. Compute the mean and maximum errors in S towards the image silhouette points.
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2. If the mean error is below a threshold or ceases to change with respect to the

previous iteration, the algorithm will stop and the result will be accepted.

3. Or else, use the model silhouette point in S that gives the maximum error to append
its deformation vector to the existing set of deformation variables D before forming

the RBF matrix A, (n signifies iteration count).

4. The deformation weights via A, are used to deform the silhouette points of the
intermediate 3D model to their new locations (a new set of deformed silhouette

points S that overwrites those from the previous iteration).

When the iteration ceases, the final radial basis function will be used to deform the 3D
mesh of the intermediate model to produce the final external skin. From our results, we
show that only a few hundred silhouette correspondents are sufficient to yield the final

model.

There may be rare situations when the intermediate model’s 3D silhouette edges may
not be the same one as of the true model’s 3D silhouette edge in the real images, or they
could even come from different body parts (Figure 6.6). A reliable region for deformation
is used to reduce the occurrence of deformation from wrong body parts. Also we can
ensure that during the interpolation the vertices that are not deformation centre to be
bounded within the image silhouette, which can be done by scaling their respective

magnitude in the deformation direction.

Reliable Region for Deformation
Recall that the parsing and matching of curves do not always mean that they infer the

correct body parts. This can lead to reconstruction errors. In addition, intersection of
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projected edges may occur in concave objects. Nevertheless, we can minimize the
occurrence that may arise from curve matching by not using silhouette point

correspondents outside the ‘reliable’ regions. Regions that are considered as unreliable are:

1. The intersection points of the projected edges (which signal a change in body part)
are unreliable. Points that are within a few pixels of these intersection points are
also considered as unreliable. Since the local geometries of the model are not
properly fitted, therefore points within and around the projected intersections are
not reliable. In other words, model silhouette points that change in body parts and

their near neighborhood are also considered unreliable.

2. Points from the parsed segments that are too short will be considered as unreliable.
Consider the situation in Figure 6.2, the visible curve of the arm seen from the side-
view is relatively short as compared to its front-view. Therefore, those short
segments, which are results of severe foreshortening, should be pruned off, or else

matching points from the wrong body parts will cause error as in Figure 6.6.

Since reconstructing the final model needs only a small subset of points from the
silhouette matches, omitting unreliable points shall make the model reconstruction to be

more reliable and accurate.

Pruning of 2D segments that could be coming from long 3D segments is not a problem,
since in practice, we will assume to have enough camera coverage to ensure that all body
parts are properly seen. In other words, a long body part may be heavily foreshortened in
one view, so we do not use information from this particular view. Then the same body part,

given good coverage, should be properly seen in some other cameras, hence information
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from these other views will be used. As the deformation technique uses a global model,

missing a few edges will not produce geometric disasters.

Befora any wrong matching point
correspondent

Showing points fram the wrong part
being matched

We won't know if the image paint
should come from the arm or torso
Cutcome from matching points from of the real subject

wrang body parts

\/’

Diee bl s Sileamne Possible error nut_cnrr'ﬁ_saan from
another viewpoint

Figure 6.6. Errors in the deformation will occur if matching points are selected from the

wrong body parts (image curve — ‘red’, model curve — ‘blue’)

6.3.3. Estimation of Skeleton

At the start, we have a generic model that comprises the skin and its skeleton. The skin of
the generic model has now been deformed via the radial basis function formulated from 3D
feature points to produce an intermediate model of the skin. This RBF will be used to act

on the generic skeleton to yield the skeleton of the intermediate model.
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From the registration of model and image silhouette, we have formulated the
deformation to obtain the final model of the surface skin from the intermediate one. The
same deformation will be applied to the intermediate skeleton to produce the final model
skeleton. Since the skeleton is always bounded by the external surface skin, and all of the
deformation centres (i.e. feature points and silhouette points) come from the external skin,

the structure of the skeleton remains the same.

6.4. Results & Discussion

In our setup, silhouettes from the 6 calibrated camera views were used to improve the 3D
intermediate human models (from Chapter 5). Our results are illustrated using the same
subjects i.e. the ‘big-man’ and ‘small-man’. The customized 3D human model will
comprise the external skin and its internal 3D bone-skeleton. Figures 6.8 and 6.9 show the
visual results by back-projecting and superimposing the resultant 3D models onto their
respective imaging views. The estimated skeletons of subjects were also displayed.
Figures 6.10 and 6.11 show some close-up of the customized 3D models. We can notice
that the local contours for the two subjects of different shapes and sizes yield much better
results than 3D reconstruction that uses only feature points. Figures 6.12 and 6.13 show

more close-ups of the superimposed visual results.

Figures 6.14 and 6.15 show the close-up of the resulting models with their skins and
skeletons. We can notice the smoothness in the skin and skeleton of both the subjects seen
from the virtual views. This gives a better visual and geometrical effect when we make

comparison with the popular shape-from-silhouette method that was reviewed in Chapter 2.
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See figures 6.16 and 6.17 for more examples of the subjects viewed from other virtual

camera poses.

Figure 6.18 is the plot of mean re-projection errors of the silhouette matching versus
the number of silhouette correspondent points being used. It validates that we do not need
to use all the registered correspondents between the silhouettes for deformation to obtain
the final 3D model. In general, from the plot, about 350 corresponding silhouette points
were needed i.e. 350 iterations. This means that the radial basis function for the
deformation requires at most an invertible 350x350 square matrix (for each iteration),
which is manageable using most processors. It took about 150 seconds to execute 350
iterations on a Pentium IV (without code and hardware optimization). In Figure 6.19, we
display the visual results for using various numbers of silhouette correspondent points by
remapping the 3D model onto their respective views. Since the locations on the
intermediate 3D model with larger errors being deformed first, the visual errors are not

noticeable after about 100 iterations.
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Figure 6.7. 3D Model of the ‘big-man’ superimposed onto the images from 6 different

views (model refinement using silhouette)
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Golf Stream - Inria - 2003

Golf Stream - Inria - 2003

Golf Stream - Inria - 2003 Golf Stroam - Invia - 2003

Figure 6.8. 3D Model of the ‘small-man’ superimposed onto the images from 6 different

views (model refinement using silhouette)
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image

Figure 6.10. Results of close-up of the ‘small-man’, subject superimposed onto its colour

image
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Figure 6.11. More close-ups of subject ‘big-man’, superimposed onto the images from

different views

Figure 6.12. More close-ups of subject ‘small-man’, superimposed onto the images from

different views
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Figure 6.13. Close-up of skin with its skeleton for ‘big-man’ subject showing the

smoothness

Figure 6.14. Close-up of skin with its skeleton for ‘small-man’ subject showing the

smoothness
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Figure 6.15. More closed-up example of 3D model of ‘big-man’ seen from various

synthesized virtual views

Figure 6.16. More example of 3D model seen from various synthesized virtual views

Plot of Silhouette Matching Error vs lteration
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Figure 6.17. Plot of re-projection error of silhouette vs. number of correspondent silhouette

used
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(d)

Figure 6.18. Example visual closed-up results of 3D deformation (in different views) using

different number of deformation vectors: (a) 25, (b) 80, (c) 160, (d) 300
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Chapter 7.

3D Motion Tracking

This chapter will explain in detail the algorithm for capturing the human motion without
the need in using marker. Our method, unlike most existing approaches, does not rely
heavily on image segmentation. We synthesize and match for the solution by animating the
3D human model to generate visual appearances that are similar to the real scene. Our
main focus is on studying the human arms, which have one additional degree-of-freedoms
and quantitatively small. The search for the moving human posture was performed by
using the simplex simulated annealing, and the visual synthesis of the human posture
implemented in the GPU. We show that our algorithm is able to operate in cluttered and

moving background, and also cope with partial self-occlusion.

We begin by giving an overview of our algorithm in Section 7.1. Section 7.2 explains
the representation of the human posture that we have to search using numerical
optimization (Section 7.3). Section 7.4 explains the rendering of the synthesized images for
analysis in Section 7.5. In Section 7.6, we deal with possible occlusions. The
implementation issues are described in Section 7.7 before we present our results in Section

7.8.

7.1. Overview

Figure 7.1 shows the framework of our human motion capturing algorithm. Before this

process begins, the followings are available:
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1) The 3D puppet mesh that closely resembles the subject.

2) The positions of the 3D joint nodes of the customized puppet linked by its

kinematics chain.

3) The 3D puppet in the initialized posture is pre-positioned and registered onto the

first frame images for the mapping of texture.

Minimization Kernel

Instantaneous multi-view
images of video sequence

Error feedback

| Synthesize | 4 o g | o | Greehical | g g, 4 g, | Analyze
- human W i - Image ™1 matching L Error
Gt eformation Rendering
A A

Customized
3D Human
Model

Texture Image ~#——

Update

Texture <

Correct Human
Posture

Figure 7.1. Framework of our human motion capturing algorithm

At each time step, the simulated annealing minimization is used as the kernel for the

analysis-by-synthesis process to search for the correct human posture. Texture images

updated from time to time are used for ‘coloring’ onto the 3D puppet. The error between

the synthesized images representing the 3D human posture and input images is computed

by comparing the color texture of the puppet images with the real human images pixel-by-

pixel. The minimization criterion is a function of the degrees of freedom of the puppet’s

kinematics articulations. This error is fedback to the synthesizing process in the

minimization loop that iterates until the error reaches a minimum. Then we proceed to the

next time instance, and this procedure repeats.
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7.2. Human Posture - Kinematics Chain & Skinning

Use of Forward Kinematics

The movement of the human posture may be described by a forward kinematics (FK) chain
driving the external skin made up by its 3D mesh. This kinematics chain links the parent
joint node to its child nodes and replicates to the following ones. For this forward
kinematics chain, in general, only the node at the pelvis joint (the root) is allowed to
undergo 3D translational and rotational transforms. For the rest of the nodes, only
rotational transform is allowed. For example, the location of the elbow joint is a function
of the pelvis’s translational and rotational displacement, and replicates through only

following rotational components until it reaches the elbow.

Figure 7.2a shows the forward kinematics chain that links the joint node of a human
arm, its hierarchical direction and an example of the external skin approximated by 3D
cylinders. The shoulder joint is the parent of the elbow joint and so on. Each articulated
node on the human body part can be modeled by the Euler rotational angles; a ball joint
will has 3 degrees of freedom (DOF) while a hinge joint has 1 DOF. In human anatomical

terms, the shoulder is a ball joint, whereas the elbow is a hinge.

Shoulder
-Ball joint

Body parts with
different colour

:]bow - hinge joint
> label

]
Foréarm
twisting

(@) (b)

Figure 7.2. Kinematics chain and labeling of the human arm parts

118



ATTENTION: The Singapore Copyright Ac

f this document. Nanyang Technological University Library

Chapter 7. 3D Motion Tracking

Figure 7.2b presents the upper-arm and forearm, which are our main body parts,
labelled with different colors for identification during the hierarchical posture estimation

process.

Inverse Kinematics

Inverse kinematics (IK) is the reverse of the forward kinematics. 1K formulations are
commonly used to solve joint kinematics when given the end-effectors e.g. given the
location of the wrist node, we attempt to deduce backwards the parameters of the
subsequent parent joints and their respective kinematics. However, replicating the
kinematics chain backwards via the end-effectors will result in non-unique solutions. For
example, given 2 end-effectors for a system of more than 2 DOFs may result in
singularities in the equation that we want to solve; hence IK will not be used in our case

for posture synthesis.

Posture Synthesis & Skinning

The human body undergoing kinematics transform causes the external skin in the
respective areas to deform accordingly. As mentioned in Chapter 2, non-rigid skin
deformation is an extremely difficult problem. For example, inside the forearm are the ulna
and the radius bones. It is in fact the radius bone rolling across the ulna bone which brings
the flip of the palm, which also causes the non-rigid deformation of the forearm surface.
This forearm movement may be approximated by an additional twisting function (Figure

7.2a).

In this dissertation, only rigid skinning is considered and problematic surface near to
the joints e.g. shoulder and elbow will be ignored. This assumption is valid for the arm

movement that we want to study as the surface regions near these joints are quite small.
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7.3. Numerical Minimization

The algorithmic framework on Figure 7.1 can be described and realized as a numerical
minimization function (also known as optimization). We can refer to this as the
minimization kernel for finding the optimal 3D human posture of the subject that appears
in images at each time-step. The output of the image matching module and the error
feedback to the posture synthesis is the error E(u) between the synthesis images and real
scene image. In other words, optimization is used to minimize the error as a function of the
degrees of freedom of the puppet’s kinematics articulation. Given u as the N-dimensional
vector of the continuous variables representing the DOF of kinematics parameters of the
human posture that we seek for, this error is the criterion function that we want to

minimize, and generally it is written as:

a = arg{miny E(u)} (7.1)

The common minimization concepts that have been used are the gradient-based
methods, the simulated annealing and the particle filter approaches. The choice of which

approaches to take basically depends on:
1. The convexity of error function.
2. Rate of convergence (i.e. total number of iterations required)

3. The search for a local or global minimum.

B

The dimensionality of the unknown vector to be searched for.

Doing exhaustive search for the solution of a high-dimensional vector of continuous

variables are unlikely even if we have supercomputing ability. Also, the minimization of
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this function can be difficult due to large dimensionality and non-linearity of the vector u,
and the presence of local minima. To ensure that the minimum corresponding to the
solution u is accurate, we must be able to mimic and synthesize images similar to the real
environments. As the human subject moves in cluttered background, covering and
uncovering background, and occlusions, the resulting error function can be highly concave
and contains many visual discontinuities. In the following, we will briefly summarize the
common minimization methods and their suitability for our problems. More
comprehensive detail is available in references e.g. [116]. Also there are many other
minimization approaches such as those that combine gradient-based method with
stochastic search, and the combinatorial optimization. A thorough discussion on

minimization methods is beyond the scope of the dissertation.

7.3.1. Gradient-based Minimization

Many non-minimization problems in the domain of computer vision and computer
graphics had been tackled by using gradient-based approaches. This is an iterative
approach, and is popular because of its fast rate of convergence. Some commonly used
methods that come under this approach are the steepest descent, conjugate gradient, Quasi-

Newton and Levenberg-Marquardt computations.

During the iteration of this algorithm, the solution vector is always computed to move
in a deterministic direction such that the error of the objective function is decreasing when
iterating from one step to the next. The direction of the solution vector is based on the
derivatives of the criterion function with respect to the optimizing variables. The
convergence is taken at the point when the rate of change between the iterations goes

below a predefined threshold.
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The gradient-based approaches may converge only to the nearest local minimum. One
way to achieve better minimum is to start the computation at different initial values. Multi-
resolution data representation technique may be applied to speed up the computation.
However, the human motion kinematics is of high dimensionality and complex. This
results in many possibilities and combinations of the initial values directing to their own
respective local minima, especially when the visual motions between the images at the two

time instances are fairly large.

7.3.2. Simulated Annealing using Simplex Function

Simulated annealing (SA) belongs to a class of stochastic relaxation algorithms that are
essentially prescript for partial random search in the solution space. This algorithm is also
iterative, however, unlike the gradient-based iterations that move the solution vector to a
decreasing criterion function, the simulated annealing permits changes that increase the
criterion function on a random manner. At each iteration, the solution from the previous
iteration is subjected to a random perturbation, and the criterion function is re-evaluated.
This random perturbation is a function of the ‘system temperature’, automatically

scheduled by the SA algorithm.

A hill climbing move is sometimes necessary to bail the solution from a local
minimum. It had been shown in [29] that simulated annealing is a global minimization
algorithm for continuous variables, and experiences [48], [130] have indicated its ability to
converge correctly. In addition, the SA does not need the criterion function to be smooth or
even continuous in their domain. The only drawback is that it is more computationally

costly since more iterations are needed due to the hill climbing process.
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The simulated annealing algorithm built with the Nelder-Mead simplex [116] has been
chosen as our minimization kernel so that reliable and accurate results are obtained. In a
criterion function that has thousands of potential minima, it is better to do with a more
conservative approach. Moreover, the computing power has got more and more affordable
over the years, and it is possible to parallelize the algorithm [122] and apply hardware
acceleration. This also serves to ensure that the solution we obtained is good enough as a
basis for comparison should we want to move to a faster convergence minimization
method such as the gradient-based approach. The main concept of the SA that we used is
the temperature controlling of the Metropolis algorithm using Nelder-Mead simplex

directional search (please refer to Appendix A for details).

We take the forward kinematics chain to optimize for the posture of the subject
hierarchically, starting from the parent joint node and replicate it to its respective child
joints. Let us consider the estimation of the human posture’s kinematics at a particular

node for one image frame to the next. The simplex algorithm may be expressed as:
Ui = Ug + Mi*E; (7.2)

where ug is the initial pose, u; is the respective vertices in the N-dimensional space
representing each synthesized posture, the E; is the N-vector specifying the deformation
direction, and the A; are initialization values chosen to be large enough to enable the

optimizer to skip over local minima.

The simplex procedure will deform the current estimation of the solution with respect
to the error function by trapping the potential solution in its convex hull before eventually

converges to it. This deterministic simplex computation is coupled with the Metropolis
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algorithm controlled by a temperature annealing schedule so that after a convex hull
deformation, a stochastic search is performed to overcome possible local minima. The
convergence is taken when the rate of change of the criterion function between subsequent
iterations is below a certain threshold, or when the number of iterations reaches its

maximum.

7.3.3. Particle Filter

The particle filter is also another common optimization approach used for searching. This
method assumes that the knowledge of the model state X is represented by a posterior
density distribution p(X|Z;) after incorporating all the measurements, Z;, up to the current
time-step t. This density function is represented by a finite set of N counts of normalized

weighted particles or samples:
{(S%!ﬂ-tl) (S'(N !ﬂtN )} (73)

An estimation of the state )A(t at each time step can be easily estimated by the sample mean

of the posterior density, p(X|Z),

. N
X, =E[X]= Y.z (7.4)
=1
or the mode
X, = M[X] = (s}, z}) = max(z") (7.5)

In common practice for motion tracking, the model state X could include u, the N-

dimensional vector of the continuous variables representing the DOF of kinematics
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parameters of the human posture and other parameters such as angular and translational

velocities. Then the measurement Z; could be image related features.
The tracking of a particle filter can be done by:

1. Resampling: This is to overcome the depletion of population, casing them to drift
far enough from their weight to become insignificant to the a posterior density
function.

2. Stochastic movement and dispersion: This is to deal with uncertainties during the
movement of the tracked object.

3. Measurement: This is a likelihood function that evaluates each particle, thus
producing new weight for each particle with respect to how well it fits to the image

data.

7.4. Graphical Image Rendering

The 3D puppet model of the subject has to be ‘colored’ with texture, and then graphical
rendering is carried out to generate the images for comparison with the real ones (Figure
7.3). We are ready to generate images of other postures when the 3D puppet posture is
registered correctly with the multi-view 2D images (called the texture images) via the
process of human tracking and posture estimating, or initial pre-position. Since the 3D
model puppet is available, we will also be able to synthesize images from arbitrary camera

viewpoint if there are sufficient texturing images that cover all the facets of the 3D puppet.

The vertices of the 3D puppet are back projected to the pixel coordinates (sometimes
also referred as texture coordinates) in the respective views given that the camera had been

calibrated (and fixed for simplicity). For each camera view to be used for motion tracking,
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we will compute the pixel coordinates for all the visible vertices in its texture image i.e. the

(u, v) space.

When the 3D puppet undergoes motion, the texture coordinates of the vertices of the 3D
mesh do not change. Only the shape of the puppet changes in accordance to the joint
kinematics and skinning function. We also assume that (1) the surface of the 3D model is
matte, and (2) the amount of light incident and reflected from this surface does not vary
dramatically between each time-frame. Thus the generated visual appearance of the 2D
synthesized textured images will be similar to the real ones when given the correct

kinematics, appropriate skinning function and texture images.

The rendering of synthesized image is done simply by warping the texture image via
the texture coordinates of the deformed 3D model and calibrated camera projection
geometry. However, the texture coordinates and their respective newly synthesized screen
output coordinates are not integer values. Rounding-off to the nearest neighbor will cause
undesirable aliasing. Therefore, in practical implementation, bilinear interpolation and

mip-mapping [154] are applied.

When more than one camera has been used for image synthesis, the same object point
seen in images filmed from different viewpoints at same instance may have different
illumination values. To avoid illumination inconsistency across the views, the prior images
captured with the same camera will be used FIRST to synthesize new images. The texture
images for each camera will be updated once every few frames to avoid the drastic changes

in illumination and visible part of 3D model.

126



ATTENTION: The S

Chapter 7. 3D Motion Tracking

Texture image Arm of 3D puppet mesh
Colouring the 3D 4 5 registered posture

mesh [

N,

Back projection to
texture pixel coordinate

(e, v)

Mesh superimposed onto One of the 3D
texture image I s I mesh triangles
5 I " F
/
by
)_#
¥ MNon-integer texture pixel

coordinate of (u, v} space

Magnified texture pixel
coordinate view of one of the
‘ ‘ ‘ projected vertex point

8-

Synthesized posture with texture & the
respective part label

Texture of the 3D puppet
of the known posture

Figure 7.3. Generating the human pose for matching

The rendering of the color labelling image representing the different body parts can be
achieved by vertex coloring. The same geometrical information of the scene as in the

generation of textured images is available for rendering. The 3D vertices of the puppet are
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projected to the image screen while the facets of this model are rasterized to fill it up. All
the pixel regions that do not belong to the model puppet will be labelled as ‘black’ i.e.
intensity value ‘0’. Figure 7.3 presents the right upper-arm labelled with blue color,
whereas the forearm is identified with green. This ‘part-labelled’ image is used for

masking out the unnecessary background region during the image matching computation.

7.5. Image Matching and Analysis

This module computes the difference between the graphically rendered images of the
synthesized human posture and the real input images. This difference is the criterion

function that we like to minimize and is formulated as:

E(U) = %Z Z' Isynt(r) - Ireal(r)l (7.6)

YV rel,

where:

lsyne(r) are R, G, B illumination values of the synthesized image which is a function with

respect to the synthesized 3D human kinematics represented by u and its texture.
lear(r) are R, G, B illumination values of the real image.

L, is the region of the image that is encompassed by the synthesized object. In other words,
this is the body part of the subject under investigation. Our motivation is to make sure the
error analysis is based on the region of body parts, i.e. to mask out the background that

may be cluttered.

v refers to the indices to the set of the multi-view images to be used for evaluation.

Given Ny is the total number of pixels in the regions L, of each respective image, we have:
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N=>"'N, (7.7)

The equation (7.4) is valid for any number of cameras that we desire to use for evaluating

the criterion function.

Figure 7.4 describes the process of how equation (7.3) can be realized in practice. This

structure allows the possibility of parallelizing the computation easily via simple logical

operations. First, the synthesized image is subtracted by the real image for each pixel. Then,

the sign bit of the result is removed to obtain the magnitude, which is the error image E(m,

n). The error image is masked with the synthesized part-labeling image. For example, if it

is the forearm posture that we are estimating, only the synthesized forearm region will be

‘1’ and the rest of the image region will be black *0’, which masks out the background

region. And finally, to obtain the result, the masked error image is summed up before it is

divided by the total number of pixels representing the body region.

7.6. Dealing with Self-Occlusion

Self-occlusion occurs when one part of the body cover another. Synthesized images

containing self-occlusion objects are computed using any standard hidden surface removal,

such as the z-buffer and a-buffer algorithms. Hidden surface removal is implemented as

part of the graphical image rendering.

Although, our tracking algorithm follows the different body parts hierarchically from

the parent to the children nodes considering the case for the arms, there is a possibility that

for one forearm occludes the other. Figure 7.5 shows an example of the right forearm

occluding the left.
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It is clear that when matching the synthesized image with the real image, the occluded
part should not be used. Both the forearms will fall under the same hierarchical level in the
kinematics chain. We shall deal with the least occluded front facing part first so that the
foremost information is being processed first. By referring to the part-labeling image, we

can calculate how mush an object is occluded by the ratio of:

o= the number of non-occluded front-facing pixel
..lfl . A 1%
total number of front-facing pixel (7.8)

where j refers to the respective body parts.

For example, in Figure 7.5 the right forearm will have a higher ratio than the left

forearm; hence it will be processed first.

7.7. Implementation & GPU Acceleration

The motion tracking algorithm is developed by using C++. The graphical image rendering
is done by using the Wildmagic 3D graphical engine [39] that utilizes the GPU hardware
acceleration driven by OpenGL. The 3D graphical engine provides a better comprehensible
structure for software engineering and development of the algorithm. All the equipment
that we used comprised cheap off-the-shelf devices. The processing hardware that we used
is the Pentium 3.0GHz and the NVidia GeForce 6600 plugged onto the AGPx8 bus. The
GPU hardware is used for accelerating the graphical off-screen rendering processes that
produces the synthesized images: (1) bilinear interpolation and mip-mapping of texture
mapping from 3D mesh, and onto the synthesized images, (2) projection and rasterization
of 3D triangles, (3) hidden surface removal during the rendering into 2D graphical images,

(4) vertex coloring for rendering of the label of the different body parts.
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The simulated annealing and the image matching algorithm are executed on the CPU
for ease of debugging and data analysis. This implies that for each iteration of the
numerical optimization process, the synthesized data must be transferred back from the

GPU to the CPU.

Following is the pseudo code of the implementation:

Do for all frames in the video sequences:
From previous frame to the current frame:
Do until converge
Generate u by annealing and simplex search
Deform 3D puppet's mesh with respect to u
Render texture image J’H}m
Render body part labeling image /,
Read [, and /; back to CPU
Compute and sort the order of body parts to be tracked
Compute £(u) i.e. (7.3) using CPU
End
Update texture image if necessary
It texture image is updated

Compute texture co-ordinate of the 3D puppet mesh

End
End
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Figure 7.4. One way to realize equation (7.3) and possible algorithm parallelization
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Figure 7.5. Example showing right forearm occluding the left.

7.8. Results & Discussions

We have tested our algorithm to track in particular the human arms. To study the
movements of the human arms, we need to have prior information of the location of the
shoulder joints. One simple way is to “fix’ the preceding links to the shoulder joint in a

static location by restraining the subject.

7.8.1. Tracking Results

Figures 7.6 to 7.9 show the respective results of motion tracking in various scenarios:
simple arm movements, movements in moving background, tracking in self-occlusion and
outdoor tracking in cluttered environment. The test sequences for figures 7.6 to 7.8 are
about 10 seconds, and the golf swing in Figure 7.9 is about 1.5 seconds of very fast
movement. Our algorithm is able to sustain the tracking for the whole duration by
following closely the subject seen in the images. For most the time, a single camera is used.
However, tracking reliability is improved when more views are used. We used at most 2
cameras when necessary to prevent the tracking algorithm from divergence. The 3D

meshes of the arms are superimposed onto the sequence of images to visualize the tracking
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quality. They are overlaid onto 2 different camera views to validate their 3D depth

validities. The left images are from camera 1 and the images on the right are from camera

2.

Figure 7.10 shows a quantitative measurement of tracking the elbow bending angles

using our method versus the tedious manual in positioning the angles. This is done by

using 3DS Max for manual adjustment of arm parts frame-by-frame as the kinematics of

the arm movement were manually recorded. From the plot, we can observe that the motion

trajectory is closely tracked with error of less than 3 degrees.

In our method, the bones of the model and of the body are matched implicitly and not

explicitly. Displaced bones of the model infer a displacement of the textured skin, which is

projected on the image. It is the projection of the textured skin that is matched with the

textured part of the body in the images. Figure 7.11 presents the plot, at each time step, the

error of the red, green and blue intensities when the error function of equation (7.3) is

minimized. The mean and variance of the errors over the whole duration for the (1) red

component are 3.144 and 0.662, (2) green component are 1.849 and 0.2, and (3) blue are

1.573 and 0.071. On the overall, we can see that the error units are fairly low. The average

error in the intensities is about 3 units, and the maximum error is about 6 units. Although,

the red band has the higher error than the other, however, the shape of the error functions

along the time axis are similar. Regarding the red dominance of the error, we believe that it

is due to the specific aspect of human skin colour.

7.8.2. Computation Requirements

For each arm (upper and lower), it took about 800 iterations of numerical minimization to

find the correct posture. In total about 1600 iterations are needed to find the posture of both
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arms. Overall, we need about 8 to 10 seconds to estimate the arm postures from one image
frame to the next. This is because, for each second, we can perform up to 180 iterations of
the criterion function computing. We have identified that the bottleneck in the whole
process of computing the criterion function is the reading back of data from the GPU to
CPU. One possible solution is to implement the whole process of evaluating the criterion

function of Figure 7.4 in the GPU.

An alternative to speed up the time to search for the correct posture is to use other
kinds of optimization method such as the gradient-based minimization. Although gradient-
based methods are very quick to converge, we have to take note that the high-variable error
function must be convex along its initial variables. Gradient estimation of this highly

complex discrete error function is also a big challenge in itself!

7.8.3. Comparative Discussion

As mentioned in the first two chapters that the human motion tracking algorithms depend
very much on the context of their operational needs and environments. Therefore to
compare directly the performance in term of accuracy, reliability and computational speed
between each individual method is quite subjective and difficult. For example, in [99], they
evaluated three different approaches for marker-less motion capture. However, their report
also implies the difficulties in direct performance comparison between methods.
Nevertheless, we will explain the potential of our proposed framework and realization for

bio-mechanical applications with respect to some of the existing approaches.

Comparison with Various Shape-from-Silhouette Methods
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Many of the proposed methods based on the shape-from-silhouette approach had been
realized in different ways. All these methods were reported for operating in fairly well-
controlled and low cluttered environments utilizing several cameras. For example in the
methods such as [25], [73], [92], the segmentation of the subject from the background
plays a very crucial role to enable the 3D volumetric shape of the subject to be built before
the 3D kinematics were estimated. Their subject-background segmentations are usually
performed using image background subtraction, with possible spatial cues extracted via
edge-based detections. Given that the possible extension of motion capture applications to
operate in various illumination environments with higher clutters and moving backgrounds,
to rely heavily on subject-background segmentation may be highly problematic. Our
approach, in contrast, does not rely strongly on good prior segmentation. Once our 3D
human model is correctly textured and animated with the proper shading to produce the
synthesized images, we should find the best outcome while matching with the real images.
Moreover, our method does not need to use a large number of cameras at one time as

compared to the visual hull approach, where a substantial number of cameras are needed.
Comparison with Other Relevant Methods

The extraction of motion and structure through optical flow related method had been
suggested [19]. However, optical flow related methods could ultimately lose track due to
error accumulation. Other methods such as [55] and [111] rely on estimation of the
disparity and depth map, which can be problematic due to clutters. Also, the method by
[34] relies on edge and silhouette segmentation be fitted to a series of articulated cones

could also faced with the same segmentation problem as the visual hull methods.
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The methods such as [126] and [76] that use generative and/or discriminative models
require learning or training via human motion database collected a prior. However, we do
not assume that this motion database is available, because it is in fact the database of
motion which we want to acquire through our marker-less motion capture system.
Moreover, as indicated in [126], when the general human motion dynamics are to be
learned, the amount of training data, model complexity and computational resources that

are required can be impractical.
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(b)

Figure 7.6. Tracking of simple arm movement
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(d)

Figure 7.6 (con’t) Tracking of simple arm movement
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(b)

Figure 7.7. Tracking in cluttered and moving background
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(d)

Figure 7.7 (con’t) Tracking in cluttered and moving background
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(b)

Figure 7.8. Tracking with self-occlusion
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(d)

Fig. 7.8 (con’t) Tracking with self-occlusion
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(b)

(©)

Figure 7.9. Tracking in cluttered outdoor environment
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(d)

Figure 7.9. (con’t) Tracking in cluttered outdoor environment
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Figure 7.10. Quantitative measurement of automatic elbow bending angle tracking versus
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Figure 7.11. Error of the red, green and blue intensities when the error function of equation

(7.3) is minimized
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Discussion and Conclusion

In this dissertation, we had worked on (1) accurate 3D reconstruction of human model
from several multi-view wide baseline images and a 3D generic model, of which the
average back-projection error of the subject silhouette is less than 1 pixel, and (2) 3D
tracking of human motion from video images in the cluttered environment, as we focus on
accurate and reliable acquisition of the 3D kinematics of the arms, which is quantitatively
small and articulated. This concluding chapter begins by a summary of our work and
discussion of the practical aspects of our framework, before finally describing the possible

extensions and future directions.

8.1. Summary of Work

We begin in chapter one by indicating our objective and motivation, which is aimed at
acquiring the 3D human movements that can be used for bio-mechanical analysis. In
chapter two, we reviewed the human motion capture methods in the existing literature,
with emphasis on the use of a 3D model. In addition, the issues of skin deformation when
the human undergoes motion were discussed. We had also reviewed the methods for
construction 3D model of human, which is crucial for motion tracking. We identified that,

in general, the need to use 3D model that closely resembles the subject.

A 3D model-based framework was proposed and described in chapter three. We set out

to construct 3D human model with the external skin and its internal skeleton that are
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customized to specific subject. A cheap and efficient method [118], [119] has been
investigated to build the customized 3D human puppet model. It makes use of several
uncalibrated wide baseline images and a 3D generic model. This method may be used in
disciplines such as sports science [120] and graphical media arts [117]. The 3D model

puppet will then be used to facilitate the tracking after it has been pre-positioned.

The first stage of the 3D human model reconstruction is described in chapter 4. After
the 2D/3D feature correspondents in the 2D images and generic 3D model are established,
3D reconstruction of feature points and calibration if the cameras are automatically at the
same time. This is an iterative process, which at convergence yield the calibrated camera
poses and the reconstructed 3D position of the feature points on the model. We showed
that our process is able to converge to the correct results as we make analysis with respect
to the cases of calibrated cameras, and tested with subjects of different shapes and sizes.
The computed 3D characteristic points are interpolated through the radial basis function on
the whole generic 3D model to produce the intermediate 3D model. This intermediate
model has the global geometry of the subject, but the local limb information needs

improvement, which is due to the fact that the feature points alone are too sparse.

We made improvement to the intermediate 3D model via registering its silhouette limb
to the silhouettes of the subject in the real images. In chapter 5, the silhouettes from both
the intermediate 3D model and 2D images were extracted. And then in chapter 6, the
silhouettes were matched to each other before the new 3D position of the model silhouette
was computed. The RBF in chapter 4 is appended with the new 3D silhouette information
for deforming to produce the external skin of the final model. The same radial basis

functions have been used to deform the internal 3D skeleton to complete the customized
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3D human model of individual subjects. We showed in our results that the 3D human
models are properly fitted through the back-projection onto their respective images, which

gave an average error of less than one pixel.

In chapter 7, an analysis-by-synthesis method to track the 3D trajectory of the human
movement was developed and investigated. The simulated annealing optimization was
used as the kernel to search for the correct human posture at each time step by matching
images of the textured 3D model from its synthesized posture with the real images. We
showed that our method is able to track the trajectories of the human arms which are
quantitatively small and articulated. Our algorithm is also able to perform well in situations
of self-occlusion, cluttered background, in outdoors, and be used for sports bio-mechanical

applications [121].

8.2. Possible Extensions & Future Work

Starting from a framework for 3D human motion tracking, this thesis covered the elements
for 3D human modeling and movement tracking. However, a fully complete 3D human
modeling & tracking system for all scenarios covers a very wide scope. There are several
research areas that we can explore to furnish a more complete human tracking system.

These possible improvements could be easily integrated into the existing framework.
Human Skin Deformation and Shading

In practice, the human undergoing motion will cause the skin to deform in non-rigid
manners. The accuracy and reliability of human tracking can be improved if these non-
rigid deforms can be closely modeled. In computer graphics animation terms, the surface

geometries of the animated characters could have the attributes of: twisting, bulging,
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bending, stretching and squashing. The scientific principles of these attributes could be

used to derive and synthesize the proper surface geometries for use in motion tracking.

The shading for the synthesized image also must not to be overlooked. Although very
realistic images had been synthesized before [11], however, to put use it in practice
together with proper skin deformation, different lighting condition and computationally

efficient is still a big challenge.
Automatic Posture Pre-positioning

In this thesis, pre-position had been done interactively by using 3D graphical tools. To
initiate the tracking automatically, the initial posture of the subject needs to be recognized
by the machine vision system. The 3D geometries of the postured model and subject
images have to be properly registered. We also have to take into account the skin
deformation while manipulating the kinematics of 3D model at the stanza posture to the
initialized posture. One suggestion to do this is through machine learning of example
postures from multiple subjects, and then synthesize them during an automatic pre-
positioning operation.

Full-body and Multiple People Tracking

A natural extension to the work from this dissertation is to perform full-body and
eventually multiple people tracking in cluttered environments. For full-body tracking of
single subject, the complete 3D body model of the subject will be used, thus more degree-

of-freedom and possibly more accurate skinning function have to be used. For extension to

multiple people tracking, we have to consider occlusion of subjects and detecting collision
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and interactions between subjects. A higher level data topological relationship may also be

needed if there are many subjects in the scene.
Computational Efficiency

Computational speed is a factor of consideration if we are to add in more sophisticated
operations involving the likes of skin deformation, automatic posture pre-position and
multiple 3D tracking. Specific dedication is needed to make sure that the algorithms that
manipulate the model geometries, data synthesis and matching take place efficiently so that
the whole tracking process can yield the desire results in a realistic time-frame. Efficient
data streaming is also required, since the large amount of data transfer within the module

of the tracking system can be the bottleneck.
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Simplex Simulated Annealing

Simulated annealing (SA) is a class of stochastic relaxation algorithms that employed

partial random search of the solution space used for numerical optimization. It is known

that SA is able to yield the global minima solution to a non-convex function through an

iterative process. Unlike gradient-based methods that always go downhill with respect to

the criterion function, SA allows a random basis hill-climbing, which is determined by its

instant system temperature. This appendix described the SA’s temperature scheduling

process, incorporating with the metropolis algorithm and Nelder-Mead downhill simplex to

search for the unknown variables.

A.1l. Temperature Scheduling

SA'’s probability of accepting uphill moves is controlled by a temperature parameter. The

process starts by first “exciting” the system at a sufficiently high temperature so that

almost all random moves are accepted. Then the temperature is lowered slowly according

to a “cooling” regime. At each temperature the “simulation” or cooling process must be

long and smooth enough for the system to settle into a “steady-state”. The sequence of

melting temperatures and number of perturbations at each temperature constitute the

“annealing schedule”. The work by the Geman and Geman in [51] proved that the

following temperature schedule:

T = (A1)

In(i+1)
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where t is a constant and i is the iteration cycle, allows the result to reach a global

minimum of the function.

A.2. The Metropolis Algorithm

In the Metropolis method, for a vector u of n-dimensional unknown variables that we seek,
a new candidate solution is generated randomly for each iterative step. If the new candidate
reduces the criterion function, it is accepted; otherwise, it is accepted according to an

exponential probability distribution, given the instantaneous system temperature T:

7 ifAE >0
P= {e \ras > (A2)

1 if AE<O

where E is the current value of the criterion, which depends on T.

However, we have to choose a new candidate solution at an iteration m to (m+1) based on
u™ i.e. for U™ = U™ + Au. As explained in [116], a generator of random changes is
inefficient, when local downhill moves exist. A good generator for candidate solutions
should not become inefficient in narrow valleys; nor should it become more and more
inefficient as convergence to a minimum is approached. One way to take care of the
possible inefficiency is to perform simulated annealing minimization incorporated with

modification to the Nelder-Mead downhill simplex.

A.3. Nelder-Mead Simplex Directional Search

The Nelder-Mead Simplex performs a search in n-dimensional continuous space without
the calculation of function derivatives. The simplex method tends to operate well up to 10
unknown variables, above this number convergence becomes difficult. A simplex is a

structure in n-dimensional space formed by (n + 1) points that are non-planar, i.e. triangle
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for a 2-dimensional simplex, and tetrahedron in 3-dimensional simplex. The simplex is

also known as hyper-tetrahedron, and is always a convex hull.

The Nelder-Mead optimization starts with a simplex of (n+1) points for n-dimensional
minimization, and then modifies the simplex at each iteration using five simple operations:
reflection, expansion, shrinking, inside contraction and outside contraction. Its aim is to
trap the solution inside its convex hull, as it homes into it. A typical iteration simplex

minimization is as follows:

Denote u as the vector unknown variables, we first find uy, , up that give rise to the
worst and best criterion functions E(u) respectively from the sets of (n+1) u that make up

the hyper-tetrahedron, and then we calculate the average u,, which exclude uy:

u, (A.3)

Next u, forms the centroid of reflection and the vector from uy, to u, give the direction of
reflection, a new candidate solution uy is obtained:
Ur = Ua + a(Ua - UW) (A4)

where o is usually selected to be 1.0.

If the function evaluation E(uy) is better than E(up), then the reflected point will be
accepted, and we attempt to step further in the same direction by performing an expansion:
Ue = Ur +y(Ur - Uy) (A.5)

where vy is usually set to 1.0.

If, however the function evaluated via the reflected point is worse than the current
worst point, the computation assumes that a better solution exist between u,, and u,, thus

executing an inside contraction:
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Uc = Ug - B(Ua - Uy) (A.6)

the inside contraction factor B is usually set to 0.5.

If the function evaluated via the reflected point is not worse than the worst point but
still worse than the second worst point uj, then an outside contraction is performed:
Uo = Ua + B(Ua - Uy) (A7)
And if all the reflection, expansion and contractions fail, the shrinking operation will take
place. This operation retains the best point and shrinks the simplex i.e. for all points of the
simplex except the best one, we compute a new solution:
Ui = Up — p(Ui — Up), Vi,i=b (A.8)

where the shrinking factor p is usually chosen to be 0.5.

Figure A.1 shows the simplex operation for 2-dimensional computation, and Figure

A.2 is a flow chart of the Nelder-Mead simplex minimization.

A.4. Putting Together the Simplex Simulation Annealing

One practical method for simulated annealing minimization in continuous-space variables
by [51] uses the scheduled annealing temperature to control the probability of accepting
the uphill move in the Nelder-Mead simplex determined by a modified Metropolis
procedure. The outer loop of the minimization is run by the temperature schedule, which

controls an inter loop of the downhill simplex.

At a given temperature, the downhill simplex iterates until convergence or until the
maximum number of iterations is reached. Perturbation noises, proportional to the
temperature T, are added to (1) the values of the error function evaluated at all the vertices

from the simplex, and (2) to the function values of every simplex “moves” that tries for a
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candidate solution. In the case when the temperature T > 0, this algorithm reduces to

exactly to the original downhill simplex.

2D Simplex reflection
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Figure A.1. lllustrating simplex operations for 2-dimensional computation
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Appendix A.. Simplex Simulation Annealing
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Appendix B

Feature Points on the Subject’s Images

b - BiF

Figure B.1. Feature points on the ‘small-man’ subject in the 2D images
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Appendix B. Feature Points on the Subject’s Images

Figure B.2. Selected feature points on the ‘big-man’ subject in the 2D images
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