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ABSTRACT

In many common robotic manipulation tasks, the manipulatiorof nominally rigid
bodies is a primary goal. Establishing a stable grasp of an jebt between two or
more ngers is a common scenario in grasping applications.tti@r tasks that involve
pushing, pulling, or caging of objects are also typical taskn robotic manipulation.
Often, such tasks as these fail due in part to a lack of understding of the system's
dynamics.

One approach to increasing the success rate of manipulatitasks involves
executing a dynamical simulation of a manipulation trajeciry before attempting
it. Once simulated, the simulated system may provide usefuiformation regarding
the degree of success of the manipulation trajectory. If thensulation represents
the dynamics of the physical system accurately, it may be uddo reliably design
successful manipulation actions.

In this thesis, | will be nominally focused on exploring themace in which a
planar physical system composed of rigid bodies may be acaiely simulated by a
state-of-the-art planar rigid body simulator to within a cetain tolerance. We will
denote this space as thelomain of applicability This realm represents the space
of system conditions in which the simulated system may be wbéo provide useful
insight into the dynamics of the physical system it represés, without conducting
physical experiments. We will conduct this search with hegvemphasis orgrasping
scenarios; i.e. scenarios in which our bodies represent a ¢haand object being
manipulated.

To investigate this space, we will rst determine the optim&set of model pa-
rameters for a set of physical experiments. This is formuladl as an optimization
problem, in which our objective function is an error metric d ning the di erence
between simulated and experimental system trajectories fane set of system pa-
rameters. We will refer to this process asalibration. Once found, we calculate
the error between our simulated and experimental results ug this set of optimal
parameters. If the error is less than a certain threshold fall the experiments in

Xi



this set, we conclude that the space covered by the set of erp®ents is a subset of
the domain of applicability. We repeat this procedure iteravely, until the error for
one experiment in the set exceeds this threshold, indicagrthat we have reached a
boundary in our domain of applicability.

The results of this work provide evidence toward establishg tolerance bounds
on the physical correspondence between a planar simulatardaa physical planar
system. Also, contributions to the calibration process, 2@gl database design, and
planar testbed system were made as a result of this work. Indition, a large amount
of planar experiment data that may be used for further analysiwas introduced to
the 2dgad database.
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CHAPTER 1
INTRODUCTION

1.1 Background

Robotic manipulation is an area of concentrated and contiral research in the
robotics community. The ability for a robot to reliably, acairately and quickly ma-
nipulate objects on the centimeter scale is one of the majonsolved problems facing
robotics today. Robots, unlike human beings, do not have adtily adapted motor
cortex conditioned by millions of years of evolution at theidisposal. Even with
their innate ability, human beings require reinforcementdarning over the period of
years before they can dexterously and accurately manipuiabbjects. It is of little
wonder that ne manipulation tasks are considered so di cut for modern day robot
controllers to acheive.

Surely one of the main reasons behind this di culty in maniplation tasks
is the enormous complexity of the physical world. One aspeof this complexity
is the highly non-linear nature of most rigid-body dynamic ystems. Non-linear
systems are, in general, di cult to solve, because often tlyeare either di cult or
impossible to solve analytically, and so must be computed n@ncally. Non-linear
mechanical systems also tend to behave in a fundamentally predictable manner.
Even a small error in the physical parameters that describené evolution of the
system may produce a completely dierent end result than thewslution of the
actual system.

For example, the dynamics of the simple pendulum under the ecéof gravity

is a non-linear system that may be described [1] by the di ential equation:

d2

— +sin( )=0

e ()

Known as Mathieu's equation, this equation is not solved e#s Even more complex
is the double pendulum, which compounds the complexity of éhsingle pendulum,

producing chaotic, albeit deterministic motion that is vey sensitive to initial con-



ditions. Stick-slip friction, contact-non contact conditons and varying coe cients
of resititution are also all non-linear properties of rigiecbody systems, which may
produce unpredictable dynamics in rigid body system.

The di culty of rigid body dynamics has compelled many reseashers to opt for
approaches to manipulation that attempt to minimize the in uence of the system
dynamics on the system under investigation. Many researaiseopt for a quasi-
static model of their system, sacri cing speed and dynamiaformation for reduced
complexity of the problem domain. By using a robot controller wh very high gains
that moves very slowly, the dynamics of the robot can be e entely neglected.

The dynamics of rigid body objects that are the focus of manipation task,
however, often cannot be treated quasi-statically: It's gmarent physical proper-
ties cannot be altered by a robot controller. To minimize thee ect of object dy-
namics in this case, some approaches [2] use methods that neatlatically cage
an object, constraining its location to within a volume de red by the ngers of a
robot hand. Other, non-prehensile approaches [3, 4] minim#ge object dynamics
and sensor uncertainties by usingush-graspingand sweepingactions, which allow
locally-con ning manipulation trajectories, e ectively funnelling objects into the
palm, where the nger can easily wrap around the object.

However, many manipulation tasks, in particular ne manipuétion tasks, re-
quire a certain level of understanding of the dynamics of astgm in order to achieve
success. In particular, manipulation actions like graspintypically require a knowl-
edge of the mass and distribution of mass of an object undemsideration, as well
as its frictional parameters. For a robot to acquire a graspf@ pen, it is important
to understand the mechanical properties of the pen. Othersg, an attempted grasp
may slip, be unstable, or simply fail to grasp the object.

Most manipulation tasks involve the control and interactionbetween objects.
Typical items that are the focus of much manipulation reseah include nominally
rigid objects similar in shape to spheres, cylinders, elipids, rectangular and tri-
angular prisms, and polyhedra. Items that demonstrate a mercomplicated rigid
shape can be be approximated by solid modeling using a polygoesh, or by using

semialgebraic sets. The manipulator is typically a collein of interlinking rigid



Figure 1.1: A polygon mesh representation of a sphere

bodies as well, and so a rigid body geometrical representati of a system under
consideration for manipulation is a reasonable assumption.

It is for this reason that a dynamic analysis of a rigid body sysm is a very use-
ful consideration in any manipulation task that requires rkable and precise move-
ment. Theoretically, with a complete and perfect understating of the mechanical
parameters of a classical system, and in nite processing pesva physical simulation
of the system can be run to within an arbitrary degree of errdirom the actual real
world progression of the system. In practice, limitationsro processing power and
error in the parameter estimates of a system lead to an ineathle accumulation of
error in such simulations [5].

While simulation error is an unavoidable consequence, a silation can provide
useful insight into the potential dynamics of a system for aestain amount of time.
It is the intention of this thesis to investigate, using a stee-of-the-art rigid body
dynamics simulator, the domain of con gurations in which a isnulation of rigid
bodies may be reliably used to predict the progression of trerresponding real
world system. To reduce the complexity of our problem domajrwe consider only
the two-dimensional case of the rigid body simulation probm.

To analyze our simulation, model parameters are searched that most closely
reproduce the progression of one or more real world experirteenThis is a form
of system identi cation, in which we are looking for the vales of uncertain model
parameters that can best describe the dynamics of our real wsbrexperiments. In

the course of this paper, we will be refering to this form of stem identi cation as



calibration. Using these parameters, we compare a simulation of these exmpents
with their actual trajectories, and note the error. If the eror falls below a threshold,
we conclude that the region circumscribed by this set of expments describes a
subset of the domain of applicability of our simulator. We tken attempt to expand
the domain of applicability by conducting experiments in tle the space of nearby
system con gurations, and calibrate the dynamic model. Therocess is repeated
until the error for a subset of our sampled experiments excesethat of our threshold.

Because our system parameters are determined by an optintina search over
the simulation parameters using comparison with a small sgie set of experiments
for our objective function, a secondary goal of this thesis to determine the repre-
sentative ability of a small set of experiment simulationsa accurately generalize to
nearby system con gurations. This dynamic parameter estinteon represents the
imperfect information that is typically gathered from realworld scenarios, as often
in practice system parameters must be tuned from experimeand are not available
beforehand.

1.2 Related Work

The use of dynamical system simulators is by no means a new é#ulch to
the eld of robotics. Many new manipulation and motion plannirg algorithms are
developed and testedn silico before being validated experimentally. If the simula-
tion is considerably accurate, a simulation representatioof a manipulation scenario
can provide a good indication of success in experiment. Dyn&al simulators al-
low for an exhaustive testing and tuning of system parameteras well as sparing
wear-and-tear of expensive robotic equipments [6].

There are numerous examples of dynamical simulators usedthe eld for
this purpose. Grasplt!, a grasp simulator developed at Catbia University, allows
a user to compute simulated grasps, given the relevant paraters for the hand
and object [7]. OpenGRASP [6] and OpenRAVE [8] are a simulator$iat feature
dynamical physics engines which can simulate robot graspaption planning and
task planning, among other things.

The task of exploring a model parameter space for optimal sgsn parame-



ters for possible further use in predicting experiment reswtis a common task. A
sub eld of control engineering, known asystem identi cation, attempts to nd op-
timal model parameters primarily via statistical methods.In our case, the model is
the simulated physical domain of our planar testbed. Optimalystem parameters
for simulation has been explored in detail by Marvel and Newmaf9]. In their
paper, they also describe how Yamanobet al. used optimization of force control
parameters for clutch assemblies through iterative simuian. This group went on
to validate their optimized results through physical expements. In this thesis, a
similar iterative simulation approach is used for optimiz&on of system parameters.

System identi cation approaches may produce non-parametrsystem models,
which can be later used to select optimal model parametersn [10], a unique ap-
proach to solving for dynamical systems in a non-parametrigay is presented. The
approach, dubbed SVM-ARMAy, takes a typical systems identi cation regression
model, the autoregressive and moving average approachey] applies a linear pro-
gramming support vector machine. This allows for di erent baracterizations of AR
and MA components in the compositie kernel introduced by teimethod, allowing
for a more accurate model representation. While we do not usayanonparametric
methods, it may be useful in modelling future parameter estiation schemes.

In [11], we also see comparison of experimental and simulhigrasping results
similar in nature to what is conducted in this research. The alibration formula-
tion is this thesis is modelled from this work, as well as theydamic model. In
[11], the justi cation regarding treating our planar testbed as a representative two-
dimensional system is made.

1.3 Experimental Setup

Our experimental apparatus for this work is the planar testbd, consisting of:
Aluminum plate with a grid of holes
Linear actuator with a square aluminum pusher

Pentagon and square planar wooden objects, covered with pep tape



Set of xels (aluminum pegs with threaded bottoms, allowingxation to the
plate), wrapped with copper wire for binary tactile sensing

Logitech HD Pro Webcam C910

Figure 1.2: An overhead view of the planar testbed

The planar testbed is approximately 56 X 56 cm.

1.3.1 Camera

The planar testbed camera is a Logitech HD Pro Webcam C910, s&t51.7
cm above the surface of the testbed surface. The speed at whieh capture video
data with the camera is 30 frames per second. The camera is able of a resolution
of 1920 X 1080 pixels, however, in our experiments a resolutiof 1280 X 720 pixels
is used. This is primarily due to the limited frame rates at higer resolutions (15
FPS).

For our set of experiments, a Matlab Camera Calibration Toblox [12] was
used. Using this toolbox, camera calibration was performea tidentify the focal
length of the webcam and the radial distortion of the webcamThis toolbox utilizes
this information to construct the camera transformation matix, and, given the

height of the objects in our eld of view, allowed us to projecpoints in image space



to the real-world. This is the primary means by which video da of experiments
was processed to provide information regarding the real-vid experiment. The
inverse projection was also used to provide overlay capatis when setting up
the initial con gurations for experiments. Once an experirant is recorded into
the 2dgad database, it is often necessary to repeat the exjpeent or a similar

experiment on the apparatus. The overlay function for the pinar testbed allows
the experimenter to project an outline of the testbed objectroa streaming video of
the testbed, allowing the experimenter to manually place # object in the correct
initial location on the testbed. In this manner, the experimeter can take an initial

object con guration and accurately place it on the aluminum fate.

Figure 1.3: A side view of the planar testbed, with the testbed camera
circled. A more detailed view of the webcam

























































































































































































































































