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ABSTRACT 

A method is presented to automatically estimate parameters and identify constraints of 

remote environments in a teleoperated robot system and then to use that information to 

create virtual models of the remote environment. Such a model can be used in virtual 

training systems and in teleoperated systems with time delays. In addition, automatic pa- 

rameter estimation can help the operator to improve task performance time and safety, and 

to plan object handling strategies. Ideally the system would determine these parameters 

while normal tasks are performed without interference in task accomplishment. The pa- 

rameters are of two types: inherent object properties, which include weight, size, coefficient 

of friction, etc., and object/environment constraint parameters (i.e., parameters describing 

the trajectory of constrained motion and forces applied by the constraints.) In addition 

to constraint parameters, constraint identification includes determination of whether the 

constraint exists and development of the constraint model. 
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Chapter 1 

Introduction 

This thesis presents a method to automatically estimate parameters of remote environments 

in a teleoperated robot system. These parameters can then be used to assist the operator 

with task performance or to calibrate virtual models of the remote environment. Use of 

the term "automatic" means the parameter identification procedure is performed by the 

estimation system with little or no input from the human operator. The method could be 

implemented so it also runs completely autonomously. However, for the implementation 

described in this thesis, each portion of the method was performed individually and then 

results from each were concatenated by hand to obtain the final result. 

Figure 1.1 depicts the concept of the estimation system. As a normal teleoperated task 

routine is performed, the system collects data about the task being performed, including 

task descriptions, operator commands, and the resulting forces and motions in the remote 

environment. It is assumed that there are appropriate position and force sensors available 

to measure such information. The estimator then analyzes this information to determine 

an appropriate model of the remote environment including parameters describing object 
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Figure 1.1: Flow Diagram of the Parameter Identification Problem. 

properties and kinematic constraints. 

The model can then be used for two applications. The first is to assist the operator with 

the task. This "assistant" can provide the operator with real time or near real time data 

on objects in the remote environment. It can alert the operator to impending collisions and 

excessive forces being applied, or it can be used to provide information on object size, type 

of contents contained within the object, etc. The second application of the model is for 

use in calibration of a virtual environment to closely resemble the real environment. Such 

a virtual environment can be used in designing training simulators for operator trainees. 

The advantage of using this method for the calibration is that it relies on actual data from 

a real system rather than best guesses of what a real system might be like, resulting in a 

more accurate virtual model and less time spent in calibration. 

The estimation system determines two types of parameters. The first type is remote 

environment object properties such as object mass, moment of inertia, size, stiffness, and 



friction coefficients. These can be used to infer information about the object being manip- 

ulated. For example, if the object is a barrel, density can be used to infer contents of the 

barrel. A changing center of inertia could be used to determine whether the contents are 

liquid or solid, while barrel structural integrity can be inferred from stiffness. The second 

type of parameter is a constraint parameter. Constraints determine allowable directions of 

motions of objects. An example of a constraint is a cable tied around a barrel anchoring it 

to the ground. The cable acts a constraint limiting the barrel's motion. 

1.1    Application Examples 

By considering several examples one can see how the "assistant" increases task performance 

speed and enhances safety, and how the creation of a virtual environment allows for design 

of realistic training systems. Take the realistic case of Toxic Waste Remediation, or the 

similar task of Explosive Ordinance Disposal where teleoperation allows for the operator to 

work at a safe distance. While the toxic waste barrels are being moved, the estimator can 

provide information on barrel size, contents, wall strength, and any constraints to its motion 

[11]. The operator can then use this information to determine how best to approach the 

removal task, how much extra caution to take, if there are any impediments to movement 

of the barrel, and what the disposition of the barrel should be. 

Furthermore, the information determined by the estimator can be used to create a 

virtual training system, whereby novice operators can learn how to do the job and practice 

difficult tasks without risk of damage to equipment or damage to objects in the remote 

environment. Referring again to the example, the barrels in the virtual trainer would have 



the same dimensions impose the same reaction forces as those in the real remote environment 

because they were created and calibrated using information determined by the estimator 

from real data. Trainees would reap the benefit of a true task performance experience 

without risking toxic waste leakage resulting from puncture of containers or damage of 

excavating machinery. 

Surgical training systems are another example where such a training system would be 

highly beneficial [32, 33]. By observing a real surgical procedure, the estimator would be 

able to determine parameters for calibrating a surgical simulator. The simulator could then 

be used by medical students to practice the procedure and gain vital experience without 

ever having to risk making a mistake on a human patient. 

For cases where the distance between operator and remote environment are great, such 

as a Mars expedition to collect soil samples, time delays due to signal travel time impede 

task performance. The estimation system could be used to create a virtual model of the 

remote environment in which the operator would perform a task in what appears to be 

near real time [27, 4, 9]. As the task is performed, the virtual model would be continually 

updated by the interactions of the actual remote manipulator interactions with the planet's 

surface. 

Another example where this estimation system could be implemented is military aircraft 

munitions loading [19]. This example, just like each of the previous ones, demonstrates a 

benefit both from the task assistant application and the virtual training system application. 



1.2    Background 

Teleoperation is a process in which a human operator at one location manipulates objects 

in some remote location. The top portion of Fig. 1.2 shows the interactions between the 

operator and the remote environment of a typical teleoperated system. To perform a task, 

the operator inputs a command by manipulating a controller interface. This interface can 

be a joystick, a set of levers and switches, an instrumented data glove, etc. As the operator 

moves the interface, force and position sensors detect this motion and the system sends 

a corresponding signal to motors on the remote manipulator. The motors then move the 

manipulator to the position commanded by the operator. Information about motions and 

forces in the environment can then be fed back to the operator, allowing him or her to make 

more informed decisions on how to manipulate the controller to effect the desired changes. 

This feedback can be visual, auditory, and/or force feedback. Force feedback means that 

forces acting on the remote environment are measured by sensors on the manipulator, and 

corresponding forces are imparted through the controller interface to the user's hands. In 

this way, the operator feels what's happening, as well as seeing and hearing it. 

When a property estimator is included in the feedback loop, interactions occur between 

the operator, remote manipulator, and the estimator (See the remainder of Fig. 1.2). Now 

the estimator receives as inputs, information about the operator's movements, reactions in 

the remote environment, and the task description. At the same time, information is fed 

back to the operator to improve speed, safety, and quality of task performance. While in 

the ideal case, the data collection for parameter estimation would be transparent to the 

operator, there may be cases in which the data set collected may not be rich enough for 
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Figure 1.2: Block Diagram of a Teleoperation System with Property Estimator. 

the estimator to provide accurate information to the operator. In these cases the estimator 

would need to ask the operator for additional task description information and/or repeated 

performance of the task to provide the richer data set. 

1.2.1    Three Sub-Problems of the Environment Identification Problem 

Given the inputs to the estimator, the environment identification problem is composed of 

three main sub-problems: task decomposition, data segmentation, and parameter estima- 

tion [34]. Figure 1.3 depicts this process with the example of a simple pick and place task. 

The first step, task decomposition, involves decomposing the task into its constituent sub- 

tasks. This is necessary because each property of interest can be determined only during 

the occurrence of certain subtasks. In this case the subtasks are grasp, when the manipula- 

tor makes contact with the object; pickup, when the object is lifted from the ground; hold, 

when the object is held above the ground; and place when the object is put back down on 

the ground. The property of interest is weight and it can only be determined during the 

hold subtask. The subtasks are defined in terms of the configuration of contact states. In 

order to concentrate on the parameter identification problem, it is assumed in this thesis 

that the task decomposition into subtasks is given. 
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Figure 1.3: The Three Parts of the Environment Identification Process Applied to a Pick- 
and-Place Task. 



The next step, data segmentation, is the determination of the time intervals during 

which each of the subtasks occur. This will specify the data points to be used in estimating 

the parameters. For property estimation, segmentation may not require classification of 

every portion of the data stream. 

Once the data is segmented in time, parameter estimation can proceed using sensory 

data within each of the segments, using techniques appropriate for that type of parameter. 

For object properties, it can take the form of an equation applied to the data as shown in 

Fig. 1.3. 

Kinematic constraints can be identified as well. Constraint identification involves de- 

termination of whether a constraint exists, modeling of the constraint, and identifying the 

associated parameters. Existence of a constraint is determined by examining the forces 

acting on an object to see if there are additional forces aside from the expected forces such 

as weight, friction, etc. A model of the constraint must then be developed to describe 

constraint forces and the motion limitations imposed by the constraint. Finally, once the 

model is determined, parameters to fit in the model are estimated using the same methods 

used for determining object properties. The details of the methods used in parameter and 

constraint identification will be explained in detail in chapters 3 and 4. 

1.3    New Work and Thesis Outline 

This thesis presents for the first time the concepts of 

• Automatic parameter identification in a teleoperated system.  While previous work 

on the sub-problems of the parameter identification process exists, work presented 
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here for the first time combines these sub-problems to achieve the desired automatic 

parameter identification. 

• Automatic identification of constraints which includes, determination of existence of 

constraints, modeling of constraints, and determination of constraint parameters. In 

previous work, a model of the constraint was assumed to be known and the parameters 

to fit the model were a combination of known and unknown values. Here, no prior 

knowledge of the constraint is used in developing the model. 

• Automatic calibration of virtual models. Previously, when virtual models were cre- 

ated, the values of model parameters were chosen using a best guess. The values 

were then refined by an iterative process until the model provided the correct haptic 

perception to the user. Here, actual data from a real task is used to calibrate the 

virtual model of that task. 

The remainder of this thesis begins by reviewing the literature on previous work in this 

field in chapter 2, and continues with a discussion of the theory of parameter identification in 

chapter 3. Chapter 4 discusses the theory of kinematic constraint identification. Chapter 5 

presents experiments that were performed to demonstrate the application of the theory and 

the results of those experiments. Chapter 6 concludes with a discussion on the implications 

of these results and then presents areas of further research. 



Chapter 2 

Literature Review 

This chapter describes prior work on the individual sub-problems of property estimation. 

A limited amount of work on task decomposition is first described. Next, methods of data 

segmentation are discussed with an emphasis on Qualitative Reasoning and Hidden Markov 

Models. While Parameter Estimation has a rich literature, only those papers applicable to 

the systems of interest are reviewed. Finally, the limited literature relating to calibration 

of haptic feedback systems is discussed. 

2.1    Task Decomposition 

While not extensively studied, task decomposition has been investigated from a variety of 

viewpoints according to the goal of the decomposition. The earliest work known to the 

author is that of Kondoleon [17] who analyzed ten common products and found they could 

all be assembled using twelve manufacturing sub-tasks. He did this to find the statistical 

occurrence of each task in assembly operations.   Nevins and Whitney [26] used the task 
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decomposition approach of Kondoleon to estimate assembly cost. They accomplished this 

by finding the cost of performing each sub-task and the frequency at which it occurred in 

an assembly operation. 

More recent work on task decomposition has been motivated by an interest in subtask- 

specific control strategies. In this context there were two concerns. The first was to discern 

the control strategy employed in a successfully completed sub-task by examining task data. 

An example of this was McCarragher's work [23] where he defined states of contact vs. 

non-contact in trying to understand force signals generated by a human subject. 

The second concern was where control laws were designed for particular subtasks and 

transitions had to be detected on-line in order to switch control laws. To do this, Cutkosky 

and Hyde [5] divided a task into phases separated by key transition events. McCarragher and 

Asada [25] used states of contact for recognition of state transitions of assembly processes. 

In none of these cases, however, did the authors make a differentiation between a state 

which is defined as the "alphabet" or "building blocks" of a given task, and a subtask defined 

as the task specific ordering of states as used in this research. 

2.2    Segmentation 

This section will discuss the goal of various segmentation algorithms in the literature and 

then discuss the methods used to segment data. 

The transference of human skills to autonomous robots is one way to develop control 

algorithms for the robot task. In order to do so, researchers found it necessary to segment 

the data.   For example, in order to understand the qualitative control characteristics of 

11 



an example task performed on a teleoperated system, Pook and Ballard [29] segmented 

data from a teleoperated task. Kang and Ikeuchi [16] were interested in assembly task 

programming and used segmented data from a grasp task for the purpose of understanding 

the grasp motions. Likewise, Yang et al. [36] segmented data for similar purposes. Delson 

and West [6] used human demonstration to program robots and in the process had to 

segment the data into subtasks that facilitated the generation of a robot program. 

Segmentation methods described in the literature include Hidden Markov Models [12], 

Qualitative Reasoning with Thresholding [23], Neural Networks for off-line segmentation [8], 

and Petri Nets [24]. The first two methods listed dominate the literature and are described 

here. 

2.2.1    Qualitative Reasoning with Thresholding 

McCarragher [23] demonstrated a qualitative reasoning approach to analyze the sensor 

signals from human task performance and identify changes in contact state. In the first 

stage, the measured motions and forces at the finger tips are thresholded. The resulting 

threshold functions are tri-valued, that is, they are assigned values of "+", "0", or "—". 

Figure 2.1 demonstrates how this works. The solid line is an example of raw data which 

could represent a force signal. When the signal is below some threshold value, the threshold 

function indicates a "0" value. As soon as the force signal exceeds some threshold value, 

the resulting threshold signal represented by the dotted line jumps to a "+". Similarly, if 

the signal goes below a set negative threshold, the threshold signal would jump to a "—". 

In the second stage, thresholded data is used to develop a qualitative understanding 

of the motions and forces associated with particular contact states.   Sets of logical rules, 

12 
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Figure 2.1: Example of the Thresholding Technique. When the raw data exceeds a given 
threshold value, the value of the resulting signal goes from "0" to "+" 

using Boolean operators, are developed which encode this understanding of contact states. 

For example, if the data in Fig. 2.1 represented finger force directed normal to a constraint 

surface, a thresholded signal of "0" indicates that no contact has been made. The transition 

to a signal of "+" indicates that contact has been made. More generally, thresholded values 

of positions, velocities, and forces can be combined in Boolean expressions to determine the 

current state from a variety of possible states. 

2.2.2    Hidden Markov Model 

A Hidden Markov Model (HMM) is used to determine an unknown sequence of system states 

based on another set of related data that is known. The HMM models the relationship so 

that by analyzing the known data set it can predict or estimate what the corresponding 

state sequence must be. Hannaford and Lee [12] applied the method of using HMM's from 

applications in speech processing [31, 30] to the analysis of teleoperator force and torque 

13 



data for the purpose of task segmentation. This section describes how the HMM works and 

how it is developed. 

As an example of how HMM's work, we look an example described by Rabiner [30]. 

Think of a set of three urns hidden behind a curtain. Each urn contains many marbles of 

several different colors. A process occurs by which a marble is pulled from one of the urns 

and then brought out in front of the curtain where it can be seen in full view revealing 

its color. This process is repeated several times and the color of the marble is recorded 

each time resulting in a data set made up of a sequence of colors. An HMM can be used 

to determine the order of the urns from which the marbles were drawn. The answer is by 

using and HMM. In HMM terminology, the urn from which the marble is drawn is the state 

of the process at that particular time. The HMM models the process and can be used to 

determine the unknown sequence of urns (sequence of states) based on knowledge of the 

marble color order (known data set). 

In teleoperation applications, the manipulator task is viewed as a finite state process in 

which states correspond to sub-tasks. A Markov model is used to represent the sequence of 

task states. It is referred to as a Hidden Markov Model since since the estimator cannot view 

the sequence of states directly. Only the observations consisting of the force and motion 

data streams are available. 

The HMM, 7, is described by 7 = j(A, B, IT) where 

• A is the probability density function of being in some state given the previous state. 

• B is the probability density function that a given state results in a given observation. 

• 7T is the initial state probability distribution. 

14 



Three main problems involving HMM's are as follows: 

1. Given an observation sequence or set of sequences, determine the locally optimal 

HMM. 

2. Given an HMM and an observation sequence, what is the most likely sequence of 

states? 

3. Given an HMM, what is the probability of occurrence of some observation sequence? 

The three problems can be solved using the Baum-Welch method, the Viterbi algorithm, 

and Forward-Backward method, respectively [12, 30, 31]. Problem 1 must be solved first 

to determine the HMM appropriate to a task and set of training data. Problem 2 is solved 

subsequently (either on-line or off-line) to segment the data stream. Problem 3 provides a 

measure of accuracy of the chosen model and can be used to evaluate the accuracy of the 

state sequence determination. 

The advantage of using an HMM over other methods for segmentation is that it is more 

robust and does not have problems handling oscillations in the data or changes in the state 

sequence. The advantage of using qualitative reasoning, though, is that it requires less 

computation and no extensive model development. 

2.3    Parameter Estimation 

Extensive work has been done on parameter estimation [21]. A portion of this work is 

devoted to robot parameter identification. For example, the identification of link inertial 

parameters has been studied by Khosla and Kanade [18] and An et al. [2].   Others have 
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investigated the identification of kinematic parameters [7]. In addition, a few authors have 

addressed identification of robot payload and environment properties. Methods for esti- 

mating pay load inertia appear in the work of Atkeson et al. [3] and Lin and Yae [20]. Lin 

and Yae also estimate certain parameters relating to constraints of the operating environ- 

ment. They do assume, however, that the constraint surface is at least partially known and 

that it can be modeled using a set of known and unknown parameters. Still others have 

studied how to determine shapes of objects in the operating environment by using haptic 

exploration [1, 28]. 

2.4    Calibration of Haptic Feedback Systems 

Current methods used to create virtual models axe usually based on idealized assumptions 

regarding the physics of object interactions. The parameters of these models (i.e., mass, 

stiffness, viscous damping coefficient, etc.) are not always well known. Often their values 

are selected arbitrarily and then adjusted iteratively until the virtual model "feels" like 

the real object. This process is obviously subjective, and without knowledge of the actual 

parameter values, the tuning process could lead to a locally optimal solution far from the 

actual one. 

The method proposed in this thesis is superior in that actual data is used to achieve 

automatic calibration of the model. This notion has been explored concurrently in a sim- 

plified fashion by MacLean [22]. In her work, force-displacement data from a toggle switch 

was recorded and used to recreate the haptic sensations for a virtual switch. 
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Chapter 3 

Theory of Parameter Identification 

This chapter describes in detail the implemented solutions to the three sub-problems of 

the estimator. As described, it is assumed that models of the object interactions are pro- 

vided. Chapter 4 on kinematic constraints addresses situations where models of the object 

interactions are not known a priori. 

3.1    Task Decomposition 

Task decomposition is the process of breaking down a task into subtasks associated with the 

particular properties we are interested in determining. Associated with each subtask is a 

system state that describes the physical configuration of the robot and work space objects. 

While in previous work, subtask and state were used interchangeably, a distinction is made 

here. States are the "alphabet" or "building blocks" of a task which describe the possible 

physical configurations. Subtasks are a task-specific ordering of states of the robot and 

objects. Each state can correspond to more than one subtask since physical configurations 
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Subtask I: Pregrasp, block 1 
State: free motion 

Subtask II: Pickup, block 1 
State: hold on ground 

Subtask III: Carry, block 1 
State: hold above ground 

Subtask IV: Place, block 1 
State: hold on ground 
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Subtask V: Release, block 1    Subtask VI: Pickup, block 2 
State: free motion State: hold on ground 

Subtask VII: Carry, block 2 
State: hold above ground 

Subtask VIII: Place, block 2 
State: hold on ground 

Subtask IX: Release, block 2 
State: free motion 

Figure 3.1: Subtasks and States of the Stacking Task. 

can be repeated as the task progresses but each subtask occurs only once. 

The block stacking task shown in Fig. 3.1 illustrates the concepts of states and subtasks. 

In this task, a stack of two blocks is unstacked and re-stacked using the a two-fingered 

manipulator from a teleoperated system. The task begins with Subtask I, pregrasp of block 

1, followed by subtasks pickup, carry, place, and release of the first block. The ensuing 

subtasks for the second block are pickup, carry, place, and release. 

Each subtask in Fig. 3.1 is also labeled with a system state, which describes the config- 

uration of the manipulator robot and environment at a specific time, including contact and 

constraint conditions. Three states are shown: free-motion of the fingers, hold-on-ground, 

and hold-above-ground. A fourth possible state, hold-on-ground-with-sliding, is not shown 

in Fig. 3.1, although it could occur during any hold-on-ground state. 
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Knowledge of both state and subtask are important to the identification of object prop- 

erties. The state determines which properties can be estimated. For example, the weight 

of an object might be best estimated during a state in which the object is held above the 

ground. Knowledge of the subtask is also needed in order to determine which object is 

currently being grasped. 

In this study, it is assumed that the parameter identification procedure begins after the 

task is complete, so that the entire position, velocity, and force records are available. Also 

pre-specified are the expected sequence of subtasks and their corresponding states for each 

task. The correspondence between states and the parameters which can be identified in that 

state is also given explicitly. However, this information can be compiled in a database for 

use with a variety of tasks; for instance, the weight of a grasped object can be determined 

in every hold-above-ground state. Knowledge of the subtask order is used to relate the 

identified parameters with particular objects in the workspace. 

3.2    Segmentation 

Segmentation is the process of breaking up the data stream into time intervals that corre- 

spond to different system states. As mentioned in the previous chapter, there are several 

segmentation methods that can be used including Qualitative Reasoning with Threshold- 

ing, Hidden Markov Models (HMM's), Petri Nets, and Neural Networks. The qualitative 

reasoning technique was used here because it is both easy to implement and fairly robust. 

Segmentation of the data stream into intervals corresponding to the task states is accom- 

plished using a modified version of McCarragher's method [23]. The modification provides 

19 



two important improvements. The first is to analyze pertinent task motions and forces 

rather than raw force and position data providing better discernment of the overall configu- 

ration changes. The second improvement is the differentiation between subtasks and states 

allowing a discernment between different objects that are manipulated. 

To accomplish these improvements, McCarragher's two stage method is modified into 

three stages as follows: In his first stage, McCarragher thresholded the data to three possible 

qualitative values of "+", "0", and "—". This stage is modified by first transforming the 

measured motions and forces at the finger tips into task motions and net forces, and then 

thresholding the transformed data. McCarragher's second stage in which the thresholded 

data is combined using a set of logical rules to assign state labels remains the same. In the 

added third stage, the subtasks are identified. The following describes the details of these 

stages. 

3.2.1    Stage 1 

For the first stage, it is necessary to first transform the data into pertinent task motions and 

net forces. Looking back to the block stacking task illustrated in Fig. 3.1, it should be noted 

that there are two fingers grasping the blocks. Because tasks are often performed using a 

multi-fingered manipulator, the finger tip motion and force data of those fingers must be 

transformed to find the net motion and force of the grasped object in task space. This 

requires computation of averages and differences of the horizontal and vertical components 

of the two finger motions. The average motion of the two fingers is a measure of rigid body 

motion, and the difference in finger tip motions corresponds to gripping motion. Horizontal 

and vertical components of the finger tip forces are similarly transformed. The sum of the 
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forces from the two fingers is the net force applied to the environment (including the object 

and any surface it contacts such as the ground), and grip force is the minimum horizontal 

component of the two (opposing) finger tip forces. 

Once the task motions and forces are obtained, the velocity and force data are passed 

through thresholding filters with equal positive and negative thresholds. These threshold 

values can be chosen without much difficulty based on the range of values seen in the data. 

The threshold value should be chosen so noise does not cause the signal value to surpass 

the threshold value but changes in the data due to task motions and forces do. 

3.2.2    Stage 2 

In the second stage, a set of formalized logical rules is applied to determine the sequence 

of the system states. These rules are based on expected task motions and forces of the 

given task. For the example of the block stacking task previously discussed, these rules, 

as summarized in Table 3.1, would be as follows: Free-motion is defined as any time that 

both components of force on both finger tips are zero. The hold-on-ground state is active 

whenever the grasp force is positive (i.e., greater than the positive threshold) and the total 

vertical force exerted by the fingers is not upward (i.e., negative or zero), the average 

vertical velocity of the fingers is near zero. The sliding-on-ground state is the same as 

hold-on-ground, with the added condition that the average horizontal velocity is non-zero. 

Hold-above-ground is active when the grasp force is positive and the sum of the vertical forces 

is upward (positive). Note that this criterion for the hold-above-ground state can include 

a brief period just before and after the block lifts when the vertical force is positive but 

the block is still in contact with the ground. This is unavoidable if the state identification 
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Table 3.1: Qualitative Values of Sensed Parameters Which Define Task States 

Sensed Parameters 
State Velocity 

Horizontal 
Velocity 
Vertical 

Average 
Horizontal 

Force 

Average 
Vertical 

Force 

Grip 
Force 

Shear 
Force 

free-motion 0 0 0 0 
hold-on-ground 0 - or 0 + 
hold-on-ground, sliding + or — 0 - or 0 + 
hold-above-ground + + 

algorithm uses only instantaneous data without reference to the prior state of the system. 

3.2.3    Stage 3 

In the third stage, subtasks are associated with each identified state. This is done using a 

priori knowledge of the expected sequence of subtasks as determined during task decom- 

position, and additional historical information. The sequence defines that certain subtasks 

cannot occur until others have taken place. For the example task where block 1 is picked 

up and placed back down followed by block 2 being picked up and replaced, the subtasks 

carry-block-1 and carry-block-2 both occurred during a hold-above-ground state; however, 

they are separated by a free-motion state, a fact used to distinguish the two subtasks. 

Several issues complicate the state and subtask identifications of stages two and three. 

For example, oscillations in the signal due to contacts not being made and broken cleanly can 

create time intervals during which no state is identified. One solution is to mark these time 

intervals with a no state tag so they are not used in the parameter calculations. Another 

problem is that because of these unclean contact breaks there is potential for oscillation 

between two states.   Looking at the pick and place task again, this could result in an 
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oscillation between the hold-on-ground and hold-above-ground states. The solution here is 

to avoid estimating parameters during intervals in which states are rapidly oscillating. 

3.3    Parameter Estimation 

Given an equation describing the physics of robot-object interactions in a particular contact 

configuration and a portion of the data stream for which this equation is valid, the prob- 

lem is reduced to that of parameter estimation. In this thesis, only linear, time-invariant 

parameters are considered and so a least squares method is sufficient. 

In a typical case, we have the following: 

[A][x] = [b] (3.1) 

where A is the input data set, b is the output data set and x is the set of parameters to be 

estimated. When using real data, this usually results in an over-determined set of equations. 

The least squares solution for x employs the pseudo-inverse matrix [35]: 

A+ = Q2X
+Qi (3.2) 

where the columns of Qi are the eigenvectors of AAT and the columns of Q2 are the 

eigenvectors of ATA. The r singular values, ai,...,crr, on the diagonal of £ are the square 

roots of the nonzero eigenvalues of both AAT and ATA, and the reciprocals, 1/ffi,..., l/o>, 

are on the diagonal of E+. 

A+ minimizes the mean squared error of the parameters. The optimal solution of the 

parameters x is 
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[A+][b] (3.3) 

3.3.1    Estimation Difficulties 

Several difficulties arise during parameter estimation. The first is oscillation in the data sig- 

nal used in computing a parameter. This situation occurs most frequently at the beginning 

and end of subtask because of intermittent contact during state transitions. Recognizing 

that most of the oscillation occurs at the beginning and end of a subtask, a solution is to 

discard a percentage of data at both ends of the interval. 

A second problem is the determination of parameters that are non-linear or time varying. 

An example is a punctured barrel leaking its contents. With the possibility of time-varying 

parameters, the question arises as to whether the change is due to an actual parameter 

change or to error drift in the data collection system. 

24 



Chapter 4 

Constraint Identification and 

Modeling 

Earlier it was assumed that a dynamic model describing interactions of the robot and 

workspace was provided for each state of interest. In this case, any constraints present 

in the system are defined implicitly by the dynamic equations. However, additional con- 

straints may be encountered while moving objects in the workspace. In these situations, it 

is desirable for the estimator to both detect the existence of a constraint and to model it 

based on the data stream. 

This chapter describes the theory of constraint identification and modeling. In the first 

section, constraints are defined and a method for their identification is presented. Several 

techniques for modeling constraints are then presented and compared. 
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4.1    What is a Constraint? 

A constraint prevents or opposes motion in one or more directions. Defining a constraint in- 

volves finding the allowable displacements and associated constraint forces at every possible 

configuration of the system. 

A constraint can be thought of as either rigid or non-rigid. In the real world, there is 

no perfectly rigid constraint. Every surface has some stiffness associated with it, albeit an 

extremely high stiffness in some cases. For the purposes of this thesis, a distinction is made 

in that if the stiffness exceeds a set value it is considered a rigid constraint. Otherwise, 

it is considered a non-rigid constraint. This maximum value is a function of the inherent 

stiffness of the manipulator system and the fidelity of the sensing system. 

A rigid kinematic constraint reduces the number of degrees of freedom of an object. 

An example of this type of constraint is the effect of the rail on a mono-rail car. The 

rail constrains the car to move only in a direction of motion parallel to the rail. Figure 

4.1 shows the trajectory of such an object and the force vector on the object at one point 

along the path. If this object is undergoing pure constrained motion, then the component 

of the force normal to the direction of the instantaneous velocity v, Fn, is due to the 

constraint. The force in the direction of v, Ft, is due to other task-related interactions, 

such as frictional forces from sliding on the constraint surface. This suggests that a basic 

method of identifying constraint forces and separating other types of forces from them is 

decomposing the net force into components normal and parallel to the direction of motion. 

In the case of a non-rigid constraint, the constraint acts as a force that opposes motion 

in a given direction but does not prevent it. Consider, as an example, a trampoline surface. 
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Figure 4.1:  Vectors of Force and Velocity Along Trajectory of Motion. 

As an object moves normal to the surface, it encounters a resistance to this motion which 

in this case becomes greater the farther into the surface the object tries to move. Since the 

force is dependent on displacement it is a configuration-dependent constraint. 

A non-rigid constraint will depend on the compliance of both the manipulator and the 

object. If the object is much stiffer than the fingertip, it is difficult to find the object 

stiffness because it can be lost in the scatter of data of the less stiff fingertip. When the 

stiffness of the fingers becomes equal to or greater than that of the object, object stiffness 

may be determined with more confidence. 

Motion in the constrained as well as the unconstrained directions can be both configura- 

tion and history dependent. For example, under the Coulomb friction model, static friction 

may prevent an object from sliding until the friction force is exceeded. Before sliding, the 

object is completely constrained and no motion occurs. However, once sliding begins, a for- 

mer constraint direction becomes a direction of motion. As another example, consider the 

insertion of a needle through tissue and into a body cavity. Before contact with the tissue, 

motion is unconstrained. After contact, the insertion motion requires a force dependent on 
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the insertion depth as tissues of different mechanical properties are traversed. When the 

body cavity is penetrated, the resistive force decreases abruptly. Finally, the force required 

to extract the needle may be configuration dependent as well. 

The conclusion is that any general approach to modeling non-rigid constraints must 

incorporate both configuration and history dependence for such properties as stiffness and 

damping. In addition, these properties may be nonlinear and only piecewise continuous. 

4.2    Identifying the Presence of a Constraint 

This investigation of constraint identification focuses on the experimental data presented 

in chapter 5 where robot fingers grasp an object and execute a task. Our method for 

establishing the existence of kinematic constraints on the manipulated object requires the 

identification of the forces of constraint. In order to do so, the following assumptions are 

made: 

• The forces and torques applied to the manipulated object by the fingers are known. 

• Knowledge of the finger trajectories (and the fingertip compliance) permits computa- 

tion of the object trajectory. 

• Task information specifies the major contributors to the net forces and torques applied 

to the manipulated object. 

The approach to identifying constraint forces is as follows. By the first two assumptions, 

applied forces and torques are projected along the tangential and normal directions of 

motion obtained from velocity data.   Based on the third assumption, dynamic equations 
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are written in terms of the normal and tangential motion coordinates. Any remaining 

unexplained forces or torques normal to the direction of motion are attributed to constraints. 

Occasionally, tasks involve the penetration of constraints, e.g., needle insertion. In these 

cases, the constraint is identified by unexplained forces or torques in the tangential direction. 

Data from repeated trials provide a means to refine force and displacement relationships 

and to determine if constraints are unilateral or bilateral. The examples in chapter 5 will 

clarify this procedure. 

4.3    Modeling of Constraints 

Once the existence of a constraint has been established, it must then be modeled. The 

model or representation must accurately describe the allowable trajectories of motion and 

the accompanying forces, if any, at each position. This section discusses two techniques for 

modeling motion constraints. In the first technique, splines are fitted to the motion data. 

The majority of effort was devoted, however, to the development of the second technique 

based on screw theory. Modeling the center of rotation is presented as a special case of this 

approach. 

4.3.1    Spline Representation 

One way to represent allowable trajectories is to find an equation describing the path of the 

trajectory. To do this one can use curve fitting techniques to get the equation of a curve that 

matches the trajectory of allowable motions. Simply applying a polynomial fit can result 

in an equation of high order, and over large intervals, it can vary greatly from the actual 

data. Instead, a spline fit can be used which overcomes these problems by approximating 
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the trajectory function with a smoothly continuous series of piecewise low order functions. 

Once an equation of the trajectory is found, then the forces at each point must be recorded 

for a complete representation of the system. 

4.3.2    Joint / Screw Representation 

Constraints can be expressed as joints with associated configuration-dependent stiffness, 

damping, friction, etc. Recall from kinematics that multiple degree of freedom joints can 

be composed from joints which each possess a single degree of freedom. The three single 

degree of freedom joints are the revolute, prismatic and screw joints. Furthermore, screws 

with zero and infinite pitch (i.e., the ratio of translational to rotational motion) can be 

used to represent revolute and prismatic joints, respectively. This generality is exploited in 

screw theory in which the geometry of the screw is used as the basis for describing allowable 

instantaneous motion of a mechanism. 

A screw is defined by its axis, a line in SR3, and by its pitch, which has units of length. 

In applying screw theory to kinematic chains composed of rigid links, the usual practice 

is to describe the instantaneous motion of a particular link as a linear combination of 

the configuration-dependent screws associated with the mechanism's joints. In this way, 

constraints do not explicitly appear in the set of screws or screw system describing the 

allowable motion. In other words, each additional constraint means one less screw direction. 

Some readers may be familiar with wrenches which are coaxial force and moments acting 

along and about a screw axis. Wrenches are not used explicitly here since constraints are 

represented as joints with configuration-dependent forces. In particular, constraints are 

modeled as follows. 
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Figure 4.2: Screws Describing Constrained Motion During Needle Insertion by a Planar 
Manipulator. 

1. Constraints which are both rigid in comparison to the manipulator and configuration 

independent are modeled in the usual way by screws describing the allowable motion. 

2. Constraints not meeting these conditions are modeled by screws in the constraint direc- 

tions) which possess configuration-dependent properties, e.g., stiffness and damping. 

As an example of how the screw representation is implemented, consider the insertion of a 

needle into tissue by a planar manipulator as shown in Fig. 4.2. This example is particularly 

interesting as the primary motion involves the penetration of a constraint surface. Only 

screws associated with the three planar degrees of freedom are shown since the constraints 

associated with out of plane motion are considered rigid. 

Screws si and S2, in the horizontal and vertical directions, respectively, are of infinite 

pitch (k = oo) and represent allowable translations. Screw S3 is of zero pitch (k = 0) 

and represents rotation in the plane of the page. For any configuration of the needle in 

which contact is not made with the tissue, there are no constraint forces associated with 

the screws.   As the needle penetrates the tissue, constraint forces and torque, which are 
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dependent on penetration depth, can be associated with si, S2 and S3. 

4.3.3    Center of Rotation Representation 

A Center of Rotation (COR) representation describes the trajectory of motion by tracking 

the instantaneous COR at all time points and the corresponding radius which is the distance 

from the COR to the trajectory. The constraint forces are then described by tracking the 

measured force at each COR and radius. This representation is actually a specific case of 

the screw joint representation described in section 4.3.2. 

For motion along any trajectory, an Instantaneous Center of Rotation (ICOR) can be 

found. The ICOR is defined as the point of intersection of the normals to the direction of 

motion at two points along a trajectory (See Fig. 4.3). In the limiting case of motion along 

a straight line the ICOR is at infinity. For the case of a circular trajectory, the ICOR is 

always at the center of the circle. While the ICOR should be a single point for a circular 

trajectory, the affect of finger slip caused the ICOR to be less than smooth. This effect can 

be reduced by using data averaging techniques. 

For each point of this calculated ICOR, one can then find the associated radius and 

forces. The radius can be found using trajectory position with respect to the COR. The 

direction and magnitude of the corresponding forces are also recorded. This results in a 

complete representation of the constraint. 

4.4    Issues in Determining the Best Representation 

Visual feedback is an important component of any actual or simulated teleoperation system. 

Consequently, the capability to display identified constraints visually would be of great 
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benefit. The best way to do this is to have the constraint representation in a format easily 

read by common computer graphics packages. 

This brings up the issue of whether the representation should describe the system in geo- 

metric space or configuration space. The geometric space can be thought of as a traditional 

coordinate system where the manipulator arm and each object or constraint in the space 

is represented as geometric figures with physical shapes. In configuration space each point 

represents a complete set of coordinates describing a single configuration of position and 

orientation of the manipulator arm. The points in the space make up the possible configura- 

tions. The manipulator then is represented by one point corresponding to its configuration 

at any given time. Objects or constraints are described as the subset of points where the 

constraint acts on the manipulator. The advantage of the geometric space is that it gives 

a nice physical representation of objects, however, the configuration space description has 

the advantage of easily determining if contact is made or broken. 

Another issue is that the representation must provide the graphical picture of the object, 
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its trajectory, and the corresponding constraint forces in a succinct and compact form. Due 

to memory limitation problems, only a limited amount of data can be stored. A good 

representation then, will fully describe the constraint and require as little information and 

memory space as possible. 
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Chapter 5 

Experimental Results 

Example tasks were performed and analyzed to demonstrate the parameter and constraint 

identification processes. The tasks were performed using a two-finger teleoperated planar 

hand [15] which is described below. A block stacking task was used to demonstrate the 

process of parameter identification, while a crank turning task and a needle puncture task 

demonstrated the constraint identification process. A virtual block and virtual crank were 

then created and calibrated using the information obtained from the example tasks. This 

chapter begins by describing the apparatus used in the example tasks, and then expounds on 

the details of these implementations. It concludes by describing the virtual world calibration 

that was performed. 

5.1    Teleoperated Dextrous Hand System 

These experiments use a planar, two-finger teleoperated hand with finger-tip force feedback 

[15].  This system trades a limitation on the number of joints for a clean and simple me- 
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Figure 5.1: (a) Master Manipulator with Operator's Hand, (b) Remote Manipulator. 

chanical design. The system has high bandwidth and a large dynamic range which permits 

accurate control of contact forces and small motions. The system is designed to execute 

tasks that humans usually accomplish with a precision pinch grasp between the thumb and 

index finger. For most tasks, the operator's wrist rests on the table top and the operator 

makes contact with the master only at the tips of the fingers (Fig. 5.1). The master and 

remote manipulators are kinematically identical, with two degrees of freedom in each finger, 

so finger tip position or force can be controlled within the vertical plane. The workspace is 

roughly circular and 75 mm in diameter. Parallelogram linkages maintain a constant ver- 

tical orientation of the finger tips, which preclude inappropriate torques on the operator's 

finger tips as the joints rotate. Two-axis strain gauge force sensors measure finger tip forces 

on both master and remote manipulator hands. 
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The controller uses a conventional bilateral force reflection control scheme. The joint 

angles of the master manipulator are the command inputs for position control of the joints 

of the remote manipulator, and the forces measured at the remote manipulator finger tips 

are the command inputs for force control of the master. Each finger is capable of applying a 

continuous tip force of at least 4 N. Flat, thin finger tips extending downward are mounted 

on the two remote manipulator fingers to facilitate manipulation of the rectangular blocks 

and other objects used in the experiments (Fig. 5.1b). The manipulator finger tips were 

covered with a 2 mm layer of closed-cell foam rubber to increase compliance and friction. 

The trials for this case study were performed by the author after practicing sufficiently 

to become proficient at the task. Six sensor signals were recorded for each of the two 

remote manipulator fingers: two joint angles, two joint velocities, and horizontal and vertical 

components of finger tip force. The signals were collected at 50 ms intervals during the 

course of the task, for a total of 10 seconds. The forward kinematic relations permitted 

calculation of endpoint position and velocity of each finger, as shown in the subsequent 

figures. 

5.2    Parameter Identification: Block Stacking Task 

Pick-and-place tasks are a convenient starting point for the study of automatic identification 

techniques because the grasping and lifting actions that comprise these tasks are an essential 

part of many telemanipulation operations. These tasks are also amenable to automatic 

identification, as the parameters of interest and task segments are readily defined. 

To describe the process of property identification, this section analyzes the block stacking 
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task introduced in section 3.1, which requires reversing the positions of two aluminum blocks 

stacked one atop the other. The top block is moved off of the stack and onto the ground, 

and then the other block is placed on top of it. Figure 3.1 shows the progression of the task 

through the various subtasks. It is assumed that the positions and velocities of the fingers 

performing this task and the force applied at the finger tips are all known. 

5.2.1 Task Decomposition 

Using the method described in section 3.1, the task was decomposed into subtasks and 

states. Recall the subtasks in order were pregrasp of block 1, pickup, carry, place, and release 

of the first block followed by pickup, carry, place, and release of the second block. The 

possible states were free-motion, hold-on-ground, hold-above-ground, and hold-on-ground- 

with-sliding. Table 5.1 shows the parameters that can be identified during each subtask and 

the associated state. It also shows the sensor signals required for estimating the environment 

parameters. Most of the parameters pertain to the first block (with the exception of the 

height of the lower block). Properties of the second block (and the height of the first block) 

can be estimated during the last five subtasks. 

5.2.2 Segmentation 

Segmentation proceeded using the modified Qualitative Reasoning method described in 

section 3.2. Recall that the stages of segmentation were transformation and threshold- 

ing, determination of states, and determination of sub-tasks. The transformation of data 

resulted in the following pertinent task motions and forces: 
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Table 5.1: Relevant Signals and System States for Estimation of Object Parameters During 
the First Four Subtasks 

Object Parameter 

Subtasks System State Weight 
Block #1 

Width 
Block #1 

Height 
Block #2 

Friction of 
Fingers Against 

Block #1 

Pregrasp, 
Block #1 

free-motion 

Pickup, 
Block #1 

hold-on-ground vertical 
positions 

horizontal and 
vertical forces 

Carry, 
Block #1 

hold-above- 
ground 

vertical 
forces 

horizontal 
positions 

horizontal and 
vertical forces 

Place 
Block #1 

hold-on-ground vertical 
positions 

horizontal and 
vertical forces 

Rigid Body Position 

Grip Width 

Rigid Body Velocity 

Net Force on Block 

Grip Normal Force 

Grip Shear (tangential) Force 

Mean of Finger Positions 

Difference of Horizontal Finger Positions 

Average of Finger Velocities 

Sum of Finger Forces 

Min. of Abs. Values of Horizontal Finger Force 

Half of Difference of Vertical Finger Forces 

Once the task motions and forces were obtained, the velocity and force data were 

passed through thresholding filters with equal positive and negative thresholds. The ve- 

locity thresholds were ± 5 cm/sec, and the force thresholds were ± 0.05 N. These threshold 

values were chosen because they fulfill the requirements that noise in the data stream does 

not cause the signal value to surpass the threshold, but significant changes in position and 

force do cause the value to surpass the threshold. Position, velocity, and force data for one 

trial of the stacking task are shown below in Figs. 5.2, 5.3, and 5.4. The progression of the 
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Table 5.2: Qualitative Values of Sensed Parameters which Define Task States 

Sensed Parameters 
State Velocity 

Horizontal 
Velocity 
Vertical 

Average 
Horizontal 

Force 

Average 
Vertical 

Force 

Grip 
Force 

Shear 
Force 

free-motion 0 0 0 0 
hold-on-ground 0 - or 0 + 
hold-on-ground, sliding + or — 0 -or 0 + 
hold-above-ground + + 

task can be discerned in these figures. The side to side pattern of motion can be seen in Fig. 

5.2a, up and down motion in Fig. 5.2b, and grasp and release in Figure 5.2c. The vertical 

offset of the two fingers (Fig. 5.2d) is not of interest in this task, but has been included 

for completeness. In Fig. 5.3, the average velocities of the two fingers are shown, along 

with the results of thresholding. Note that velocities are close to zero during the pickup 

and place subtasks. The forces applied to the environment are shown in Fig. 5.4. Hori- 

zontal forces (Fig. 5.4a) are generally zero during the carry and free-motion subtasks, and 

non-zero during pickup and placement subtasks. Net vertical force (Fig. 5.4b) is also zero 

during free-motion, but positive during carry subtasks, and negative or zero during pickup 

and placement. The holding subtasks are clearly visible in Fig. 5.4c as large, positive grip 

forces. 

These correlations between sensor data and task states were formalized into rules for 

automatically identifying the various states, as discussed in chapter 3 and summarized again 

here in Table 5.2. 

Data for several trials of the block-stacking task were processed using the automatic 

state identification procedure. The segmentation algorithm divided the data into sections 
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Figure 5.2: Horizontal and Vertical Positions of the Two Fingers. Legend: m = Movement 
of fingers to a new position; gg = Grasping an object on the ground; gl = Grasping object 
1; g2 = grasping object 2. 
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Figure 5.3: Mean (a) Horizontal and (b) Vertical Velocities of the Two Fingers. Legend: 
ml = Move block 1 to a new position; m2 = Move fingers back to get block 2; mS = Move 
block 2 to a new position. 

which corresponded closely to those selected by hand. For these data sets, the results 

of thresholding were not especially sensitive to the threshold values, although selecting 

appropriate thresholds can be difficult when noisy manipulators and a larger range of tasks 

and operators are involved [12]. 

Figure 5.5 shows the results of applying the procedure to the data in the preceding 

figures. The value of the plotted function denotes the identified state of the system at 

that time. A value of 1 corresponds to free-motion, a value of 2 to hold-above-ground, 

and a value of 3 to hold-on-ground. Times at which sliding-on-ground was identified are 

labeled with an "x". A value of zero indicates that none of the four possible states was 

identified. Accordingly, data from these times were not used in the identification of any 

object properties.   These "dropouts" are caused mainly by transients in the signals just 
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Total Horizontal Force on Environment 

Total Vertical Force on Environment 

Grip Normal Force: min(Fx1 ,-Fx2) 

Figure 5.4: Forces: (a) Total Horizontal Force on Environment; (b) Total Vertical Force 
on Environment; (c) Grip Force; (d) Vertical Shear Force. Legend: gl = Grasping object 
1; g2 = Grasping object 2. 
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Figure 5.5: Result of Automatic System State Identification Procedure. 

after lift-off or impact of the blocks. While these unidentified points are not desirable, they 

are not a problem as long as at least some data samples are successfully identified for each 

subtask. Using this convention, the expected (and observed) progression of states for this 

task was: 1, 3, 2, 3, 1, 3, 2, 3, 1. Subtasks I-IX were assigned to the data stream from the 

state information using the list of the anticipated order of the states. 

5.2.3    Parameter Estimation 

To illustrate the process of parameter estimation, four properties of the block from the 

example task were determined, although there are other properties that could have been 

estimated. The properties determined were block weight, height, width, and //, the coef- 

ficient of static friction between the block and the fingers of the robot hand. Table 5.3 

lists each property along with the subtasks in which the appropriate measurements can be 

collected. The last column of the table contains the simple formulas used to estimate the 

object properties. Because our goal is to outline the steps of the identification process and 

illustrate the key issues, no attempt has been made to find an optimal estimator. This 

table describes object property estimation during manipulation of the first block (Subtasks 
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II-IV); for estimation of the analogous properties during manipulation of the second block 

(Subtasks IV-VIII), each instance of "block 1" in the table is simply replaced by "block 2" 

and vice versa. 

Ideally, the weight of block 1 was the sum of the vertical forces measured at each finger 

tip during the "carry block 1" subtask. The estimate was the average sum over all samples 

in the subtask (i.e. over Nm , the number of samples in subtask III). The weight estimate 

is sensitive to segmentation boundaries due to noise during the transition period between 

subtasks. Therefore, the weight estimate excluded force data during the first and last 5% 

of the carry subtask. 

The width of each block is simply the average horizontal distance between the finger tips 

over the entire carry subtask. In contrast, the height estimate uses interactions between 

objects in the remote environment to determine the desired parameters. This requires 

multiple estimation steps because it is formed from two discrete measurements. For example, 

the height of block 2 is found from the difference between the vertical position of the fingers 

when block 1 is lifted from atop block 2 and when it (block 1) is subsequently placed on 

the table. Similarly, moving block 2 gives the height of block 1. 

Note that for these experiments, we assume static friction can be modeled as a single 

constant /z. Ideally, // would be measured at the onset of slip, but since slippage of the 

blocks between the fingers was not detectable, only a lower bound of /J, was obtained. If slip 

did occur, the maximum value of // recorded should correspond to the coefficient of static 

friction, recorded at the onset of slip. In many telemanipulation tasks, operators expressly 

avoid slips, so accurate determination of ß could require a special calibration procedure in 

which the operator deliberately causes the block to slip. 

45 



Table 5.3: Methods of Property Estimation 

Property Subtask System State Formula for Estimate 

Weight (Block 1) Subtask III hold-above-ground 
NllI 

Carry Block 1 (Average sum of 

vertical forces for 

fingerl and finger2) 

Height (Block 2) Vii = S^77 
Part a: Subtask II hold-on-ground (Average vertical 

Pick up Block 1 position of right finger) 

yiv = s^7 
Part b: Subtask IV hold-on-ground (Average vertical 

Place Block 1 position of right finger) 

h = \yn - yiv\ 

Final: (Absolute value of 

the difference in 

average height) 

Width (Block 1) Subtask III hold-above-ground ™ = s^ 
Carry Block 1 (average difference in 

horizontal position) 

p (Block 1) Subtasks II-IV hold-on-ground a > max\-^-\ 

Pick up Block 1, and (Max. absolute value of 

Carry Block 1, hold-above-ground vertical force over 

and Place Block 1 horizontal force) 
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Table 5.4: Comparison of Estimated (Mean and Standard Deviation) and Actual Environ- 
ment Parameters 

Property 
Block 1 Block 2 

Estimated Value Actual Value Estimated Value Actual Value 
Weight 0.352 ± 0.024 N 0.343 ± 0.0005 N 0.425 ± 0.071N 0.437 ± 0.0005 N 
Height 1.75 ± 0.01 cm 1.60 ± 0.01 cm 1.29 ± 0.02 cm 1.27 ± 0.01 cm 
Width 1.47 ± 0.01 cm 1.59 ± 0.01 cm 2.36 ± 0.01 cm 2.54 ± 0.01 cm 

Lower Bound 
on fi 

0.49 
" 

1.06 

5.2.4    Results of Parameter Identification for Block Stacking Task 

The estimated parameters for one trial of the block-stacking task are listed in Table 5.4, 

along with actual values, as measured by a laboratory balance and calipers. Applying the 

algorithm to a different trial of the block stacking task gave similar estimates of the param- 

eters. Certain trials exhibited significant vibrations following state transitions suggesting 

the need for data filtering prior to segmentation. 

Figures 5.6, 5.7, 5.8, and 5.9 are plots of the measurements used to estimate object 

weight, height, width, and // respectively. The portions of the data that were used in 

the estimates are indicated by solid lines. Figure 5.6 shows the force measurements used 

to find the average weight during the hold subtask. Note that there are two intervals of 

measurements, indicating that two objects were held. The large oscillations that occur 

during the second interval are due to inertial forces and the object impacting the surface. 

The average estimates of the weights are within 3% of the actual values. The standard 

deviation is relatively large for block 2 due to the oscillations in the force signals. 

The first two solid lines in Figure 5.7 show the heights during the two hold-on-ground 

states, when block 1 is moved from the top of block 2 to the ground. The difference in these 
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Figure 5.6:  Object Weights.  The solid portions are the segments of data used for weight 
estimation. 
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Figure 5.7: Object Heights. The solid portions are the segments of data used for height 
estimation. Object 2 height is the difference between the first and second solid lines, while 
object 1 height is the difference between the third and fourth solid lines. 
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Figure 5.8: Object Widths. The two solid lines indicate the widths of the blocks. 
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Figure 5.9: Lower Bound of \x, Vertical Force FyS, and Horizontal Force FxS. fi is only 
calculated during "hold on ground" and "hold above ground" states. 

heights gives the height of the block originally beneath it. Likewise, the last set of two solid 

lines represents grasping and moving block 2 from the ground to the top of block 1. Notice 

that the intervals for these subtasks are fairly short, but even though there are only a few 

points in the interval, the estimated heights of blocks 1 and 2 are within 10% and 2% of 

their respective measured dimensions. The estimated height of block 1 shows greater error, 

perhaps due to slipping of the block within the fingers at the instant when the block makes 

contact with the ground. The solid lines in Fig. 5.8 show the widths of the two blocks. The 

errors in the estimates of the widths of the blocks were approximately 7%. Since fingertip 

position measurements are based on joint angle sensor signals, this discrepancy may be a 

result of compliance of the remote manipulator fingertips, or mis-calibration of manipulator 

kinematics. The solid line in Fig. 5.9 is the value of the ratio of Vertical Force to Horizontal 

Force, If, during the subtasks when the fingers are grasping the object. Since there was 

no way of knowing whether slips occurred, the maximum value of ^ from the plot gives a 

lower bound on p. The only way to get the actual value of fi would have been if slipping 

had occurred and the value of •# had been recorded at the moment sliding began. 
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5.3    Constraint Identification 

To demonstrate the process of constraint identification, two example tasks involving con- 

straints were performed. In the first, the teleoperated hand grasps a crank that is con- 

strained to move in a circle and rotates it several times. The constraint identification 

process determined the existence of the constraint and then found its position and the asso- 

ciated constraint forces. The second example was a puncture task where the hand grasped 

a hypodermic needle and used it to puncture a simulated membrane. In this case, the mem- 

brane was the bottom of a paper cup. The constraint identification process determined the 

position and stiffness of this non-rigid constraint. 

5.3.1    Crank Turning: Identification of a Rigid Constraint 

In this first example, the planar two-fingered hand is used to turn a crank whose motion is 

constrained to lie on a circle (recorded trajectories are shown in Figure 5.10). Examination 

of the data indicates that the motions were essentially quasi-static and inertial terms were 

negligible. Furthermore, the task decomposition (i.e., our a priori knowledge of the expected 

forces) specifies that the component of the net force applied to the manipulated object 

which is normal to the direction of motion, Fn, will be dominated by gravity, (mg)n. Any 

remaining component of Fn will be due to a constraint force, Fc- 

Fn = {mg)n + Fc (5.1) 

The gravity forces acting on the crank were identified from the forces tangential to the 

motion. From the task decomposition the force on the block tangential to the direction of 
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Figure 5.10: Position of Crank Handle, Vectors of Applied Force, and Computed Center 
of Rotation. The vectors show direction and magnitude of force applied by the robot hand. 

motion, Ft, is expected to be of the form 

Ft = (mg)t + ßFn + cv (5.2) 

where (mg)t is the component of gravity tangential to the motion, \i is a coefficient of 

friction, c is a viscous coefficient and v is the object velocity. In Figure 5.11, Ft for the 

crank is plotted along with its least squares approximation which was used to find the values 

of the parameters of the constraint. 

To test for the presence of constraints, Fc = Fn — {mg)n is plotted for the crank motions 

in Figure 5.12. As a comparison, Fc = Fn — (mg)n is also plotted for a portion of the block 

stacking task described in section 5.2. As expected, the constraint force on the block is 

negligible during its free motion while a significant positive constraint force can be seen 

throughout for the crank. The sign of the constraint force indicates that the operator 

was pulling radially outward on the crank while turning it. This fact is also evidenced 

by the direction of the force vectors in Fig. 5.10. While the crank represents a bilateral 

radial constraint, the motion of the operator was insufficient to fully capture both radial 

51 



Figure 5.11:   Tangential Force, Ft, for the Crank and the Least Squares Approximation 
Given by mg = 0.16 N, fj, = 0.053 and c = 0.010. 

directions of the constraint. This example shows how exploratory motions or repeated trials 

by different operators may be necessary to fully identify a constraint. 

The crank handle and bearings are much stiffer than the manipulator finger pads. In 

addition, the constraint is active for all configurations of the crank. Thus, Rule (1) is 

employed from section 4.3.2 and a single screw of zero pitch is used to describe the constraint. 

The location of the screw axis in the plane of motion is equivalent to the center of rotation. 

The center of rotation is computed by intersecting normals to the instantaneous direction 

of motion for 12 consecutive data points and then finding their mean position. Figure 5.10 

depicts the position of the crank handle computed as the average displacement of the fingers 

as well as the center of rotation for three rotations of the crank and the force vectors applied 

by the fingers. Drift in the location of the screw axis is largely due to slippage between 

the fingers and the crank handle. Finger stiffness is relatively unimportant here, as it only 

accounts for displacements of about 0.11 cm. Note that if the fingers were grasping the 

coupler link of a four-bar mechanism, the location in the plane of the screw axis would be 
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Figure 5.12: Constraint Forces, Fc, for the Block and Crank. 

configuration dependent. Also note that the applied force when moving upward (right half 

of circle) has a distinct tangential component, but when moving downward the applied force 

has a very small tangential component. This is due to the fact that gravity and friction 

forces are additive while moving up but almost negate each other while going down. 

5.3.2    Needle Insertion: Identification of a Configuration Dependent Non- 

rigid Constraint 

In this example, a hypodermic needle was inserted through the bottom of an inverted paper 

cup as shown in Figure 4.2 using the manipulator of Figure 5.1. Since the constraints are 

both configuration and history dependent, they are modeled using Rule 2 of section 4.3.2. 

In particular, we focus on the constraint force in the direction of needle insertion which is 

associated with screw «2- The screw axis itself can be located using position and velocity 

data from the fingers. 

As in the previous example, the insertion motion was quasi-static. Since the constraint 
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Figure 5.13: Constraint Force and Displacement in Insertion Direction, a = free motion, 
b = insertion, c = penetration, d = extraction. 

force lies in the direction of motion, the tangential force equation becomes 

Ft = (mg)t + Fc (5.3) 

the force Fc is plotted along with tangential displacement in Figure 5.13. The subtasks of 

free motion, needle insertion, penetration and extraction can be clearly seen in the data. 

The history dependence of the constraint force arises from two factors. First, the force 

depends on the maximum prior insertion depth. This can be seen by the fact that the 

extraction force is much smaller than the insertion force. Secondly, the cup bottom acts 

as an elastic membrane in series with the elastic finger pads. During extraction, the con- 

straint force depends on the displacement of both from their relaxed positions. A model of 

constraint stiffness can be obtained by dividing the constraint force by the position at each 

point in time. The history dependent stiffness as a function of time is plotted in Figure 

5.14. 

Repeated trials with direction reversals at various depths would allow for the identifi- 

cation of a more detailed model. 
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Figure 5.14: Model of History Dependent Stiffness. The position of the needle tip cor- 
responding to each number on the plot shows configuration information at key transition 
points in the insertion process. 
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5.4    Development and Calibration of Virtual Model 

A virtual block and virtual crank were calibrated using parameters and constraints identified 

in the previous section. The virtual objects were simulated using a program that displays an 

arbitrary virtual block on a computer screen and provides haptic feedback to the operator 

through the master hand. The code was modified so that it could accept the identified 

parameters and constraint information resulting in a calibrated virtual block and virtual 

crank. A print out of the the pertinent subroutines for determining the forces to be applied 

to the fingers and the motions of the virtual blocks are given in the appendix. This section 

describes how the teleoperated hand system and control code were modified to display 

virtual objects and it describes the details of the virtual model calibration. 

5.4.1    Modification of Two-fingered Hand System 

The same planar, two-finger teleoperated hand system described in section 5.1 was used but 

instead of the master hand controlling the remote manipulator, it controlled a virtual hand 

with virtual fingers on a computer screen. The remote manipulator was taken completely 

out of the loop. As the virtual fingers contacted objects on the screen, reaction forces 

on the fingers were calculated and imposed on the real fingers while contact forces acting 

on the virtual objects and their resulting motions were calculated and animated on the 

screen. Figure 5.15 shows the interactions of this system. Based on a description of the 

task the operator sends commands via the master controller to the simulation being run 

on a computer chip, which then computes reaction forces and motions. These motions are 

displayed on the monitor while reaction forces act on the operator's fingers via the master 
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Figure 5.15: Block Diagram Showing Interactions Between the Operator and the Virtual 
Environment 

manipulator. 

The contact and reaction forces were calculated using velocities and positions determined 

by an Euler integration method. While there are other more accurate numerical integration 

methods, Euler integration was employed due to its speed. Integration error accumulation 

over multiple time steps was minimized since accelerations, velocities, positions, and reaction 

forces were calculated based on measured finger forces at each time step rather than from 

values computed at previous time steps. 

5.4.2    Block Calibration 

A virtual block was calibrated using the weight, height, and width parameters identified for 

one of the real blocks (block 2) in section 5.2.4. Figure 5.16 depicts the teleoperated hand 

during block calibration. A simulation of the the calibrated block was then implemented 

using the master manipulator and a video monitor (See Fig. 5.17). As the operator moves 

the fingers on the master, the simulation displays the fingers on the computer screen. As 

the virtual fingers contact the virtual block, reaction forces of the block acting on the fingers 

are computed and displayed through the master manipulator on the operator's hand. The 

operator then is able to both see the interactions of the virtual block with the fingers on 
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Figure 5.16: Master and Remote Manipulators (left) and Close-up of Remote Manipulator 
(right) During Block Calibration. 

Figure 5.17:  Virtual Simulation of Calibrated Block. 

the screen and feel the forces of the block acting on his hand. 

The virtual block on the screen appeared with the same size and shape as the one used 

in the real block stacking task. As the operator manipulated the master controller causing 

the virtual fingers to contact the virtual block, the reaction forces made the operator feel 

as though he were manipulating a block very similar in size, shape, and mass to the real 

block. The operator was able to lift and maneuver the block around the screen in the same 

way the real block had been manipulated. The virtual forces from the operator interactions 
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with the virtual block, (See Figs. 5.18 and 5.19), can be compared with those from the real 

block (See Fig. 5.4). The similarity in the force plots shows that the operator experienced 

comparable forces during interactions with the virtual block and the real block. The Grip 

Normal Force appears is smaller for the virtual block appears smaller because the operator 

didn't happen to squeeze as hard as he did for the real block. The Virtual Grip Shear Force 

does not show the same positive to negative jumps because the operator tried to avoid 

differences in in finger vertical forces that created system instabilities. This instability was 

a result of a stick-slip condition that occurs as one finger pushes up and the other pushes 

down. It is important to note that the virtual block was picked up twice during the time 

interval during which data was collected and it corresponds to the second block that was 

manipulated during interactions with the real blocks. 

Figure 5.20 shows a plot of the sum of the vertical forces during manipulation of the 

virtual block. The time intervals during which the block is held above the ground are shown 

as solid lines and correspond to a weight measurement of the block. Comparing this to Fig. 

5.6, one can see the virtual block produced approximately the same weight forces acting 

on the operator's fingers as the real block (Block 2) did. Figure 5.21 shows a plot of the 

distance between the two fingers during the virtual simulation. The solid portion indicates 

the time interval during which the block is being grasped and corresponds to the width of 

the block. A comparison of this plot to the one in Fig. 5.8 shows that the width of the 

simulated block is very close to that of the real block (Block 2). 
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Figure 5.18: (a) Horizontal Forces Acting on Virtual Block, (b) Vertical Forces Acting on 
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Figure 5.20:   Virtual Block Weight Measurement.   The solid portions are the intervals 
during which the virtual block is being held above ground. 
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Figure 5.21: Virtual Block Width Measurement. The solid portions correspond to the 
intervals during which the virtual block is held above ground. 

5.4.3    Crank Calibration 

The goal in calibrating a virtual crank was to obtain one that exhibited the same rigid bi- 

lateral constraints as the real crank. Using the model and parameters identified in section 

5.3.1, the constraint forces of the virtual crank were programmed so that the fingers grasping 

the virtual crank handle followed the appropriate circular trajectory. The position of the real 

crank screw axis, the radius of the trajectory, and the rigidness of the constraint previously 

identified were used in calibrating the virtual crank. As the operator manipulated the 

virtual crank with the master, he could see the handle move in a circular trajectory and feel 

the forces constraining the handle to move in a circular motion. Figure 5.22 shows the the 

trajectory, center of rotation, and constraint forces of the virtual crank. The virtual crank 

was constrained to move in the same location and with the same radius as the real crank 

shown in Fig. 5.10. The forces for the virtual crank appear to be greater than those for the 

real crank as the it moves around the top half of its trajectory. This results from the fact 

that the operator happened to be pushing with greater force while manipulating the the 

virtual crank. The center of rotation for the virtual crank appears to wander around the 
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Figure 5.22: Position of Virtual Crank Handle, Vectors of Applied Force, and Computed 
Center of rotation. The vectors show the direction and magnitude of force applied by the 
virtual fingers on the virtual crank. 

center point in a manner similar to that of the real crank. However, there is one portion 

where the center of rotation appears to move to the upper right. This corresponds to a 

point in time where the operator moved very slowly in the tangential direction so that 

small displacements in the constraint direction made a larger contribution to the center of 

rotation calculations. The stiffness of the crank is close to the real crank but not identical 

because stiffness is limited by stability issues. 
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Chapter 6 

Conclusions 

6.1    Summary of Thesis 

This thesis addresses the problem of how to automatically identify remote object properties 

and constraints in a teleoperated robot system and how to use those parameters to calibrate 

virtual environment models. To do this, a parameter identification process was developed 

and applied to teleoperated tasks to determine the parameters in question. The process 

consists of three parts namely task decomposition, segmentation, and parameter estimation. 

In the case of constraint identification, this third part includes identifying the existence 

of the constraint, modeling the constraint and estimating constraint parameters. These 

identified parameters were then used in the creation of a virtual environment that replicates 

the real environment. 

This thesis has presented the following new accomplishments: 

• Development and implementation of a method to identify object parameters and con- 

straint parameters to be used in calibration of remote environment models. This was 
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performed automatically using data collected from a teleoperated task. It required the 

use of a three part parameter estimation algorithm in which the task was decomposed 

into subtasks, the data segmented into pertinent time intervals, and the desired pa- 

rameters identified. While portions of this algorithm have been developed by others, 

they were used separately and for other purposes. This is the first time an algorithm 

integrating the three parts has been developed. 

• Distinction between subtasks and states during task decomposition process. This 

distinction and the determination of when subtasks occur provides additional insight 

into task progression. 

• Automatic identification of constraint existence, constraint parameters, and modeling 

of constraints without assuming prior knowledge of the constraint. No assumption was 

made about the form of the constraint or about the parameters that fit the model. 

This makes the process more general and allows it to be applied to a greater class of 

problems. 

• Calibration of virtual models using data from experiments performed on real objects. 

This resulted in virtual models with the same dimensions and force properties as the 

real objects without the time consuming iterative refinement process required when 

using arbitrary parameters for virtual models. 

6.2    Future Work 

The work presented can be enhanced with future work in the following areas: 
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• Integration of the three part estimation process. This involves developing the method 

presented here into an autonomous system for parameter identification. This system 

could be further developed into on on-line estimator. 

• Development of specific applications. Part of this process is determination of the set of 

tasks and subtasks required for a given application and the specification of a complete 

set of parameters to be identified. In the Toxic Waste Remediation application, the 

set of tasks and subtasks would be composed of variations of the block stacking task 

described in this thesis. A surgical training application would require the development 

of new sets of tasks including cutting tissue and palpation of tissue. 

• Determination of time-varying properties. There are many issues involved in how to 

handle time variance. One is determination of the proper data fitting technique to 

use when trying to estimate a changing value. Another issue is that the model would 

have to be updated frequently in order to accurately represent the changes. A solution 

might be to build the time rate of change of the parameter directly into the model. 

• Design of a user friendly interface for interactive calibration. To find the best possible 

estimate of properties, there is a need to have interaction between the estimator and 

the user to determine when enough data has been collected and what data still needs 

to be collected. This could be done either by having the estimator determine when 

there is enough data to meet model fidelity requirements or by having the operator try 

out a virtual simulation of the model to see if it "feels" right. If either the estimator 

or the operator declares the model needs further refinement, additional calibration 

would then be performed. 
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• Design of the "assistant" that uses identified parameters to provide task information 

to the user. An issue involved here is determination of the most useful information and 

the best way to display it to the user. A balance must be maintained between providing 

too little useful information versus overloading the operator with information beyond 

his capability to comprehend it all. 
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Appendix A 

Control Code for Virtual 

Simulation 

The control code used to run the virtual simulation of the calibrated crank and block has 

two parts. The first part runs on a DSP chip inside a PC, and computes the forces and 

motions due to the interactions between the hand and the virtual crank, and displays these 

forces at the master manipulator interface. The main file for this force display code is 

VROBOT.C. This main file calls functions contained in the included file BL0CK2.C. 

The second part of the code runs on the PC itself. It is responsible for loading VROBOT 

into the DSP chip, and then for running the visual display of the simulation on the computer 

screen. The main file for this image display code is RUNBL0K2. C. 

The portions of the code of most interest to the work presented in this thesis, are those 

which determine the forces and motions of the virtual objects. Because of space limitations 

this appendix contains only the portions of these files containing these pertinent pieces of 
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code. Section A.l contains the main body of the program VROBOT.C Section A.2 contains 

only the interesting subroutines of BL0CK2.C that are called by VROBOT.C. 
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A.l VROBOT.C 

This file computes the forces to be displayed at the master controller during the virtual 

simulation. The main body of this file is given here. 

/*********************************************************************/ 
/* Program Name: vrobot.c */ 
/* Parris Wellman */ 
/* Modified from robot.c */ 
/* Further Modifications by Tim Schulteis */ 
/* */ 
/* This program runs on the DSP chip and determines appropriate */ 
/* torques to be applied to motors to run the virtual simulation */ 
/* of calibrated objects. */ 
/* */ 
/* An interface that provides gravity compensation for the master */ 
/* and feeds back arbitrary forces that were determined on the PC */ 
/* Uses DMA in dual ported memory to obtain force values and to */ 
/* Write back joint angles for the PC to use. */ 
/* Note the absolute addressing scheme (borrowed from LSI) */ 
/* */ 
/* Last Modified : 1/18/97 */ 
/* */ 
/lie********************************************************************/ 

main() { 
block = (OBJECT *) malloc(sizeof(OBJECT)); 
cyclecounter = 0; 

/* Initialize C30, set A/D sample rate */ 
♦PRIMCTL.REG = PRIMWD; /* Initialize the primary bus control register ♦/ 
♦EXPCTL_REG = EXPWD;  /* Initialize the secondary bus control register*/ 

/* Initialize AD BOARD ♦/ 
♦AD_C0NTR0L = AD_CH0;     /* Setup control register */ 
♦AD_TIMER = TIMER.VALUE;      /* Setup timer on AD board */ 

reset_motors(); 
/* Assign control parameters*/ 
for (i=0;i<4;i++) 
{fingerforce[i] = 0.0;} 
weight.bl=MGL_ll 
weight.tl=MGL_12 
weight.b2=MGL_21 
weight.t2=MGL_22 

spring.fl=TRACKFORCE_l; /*Bias force (g) to follow finger 1*/ 
spring.f2=TRACKF0RCE_2; /*Bias force (g) to follow finger 2*/ 

k.pl=k_pl; /* bottom joint position gain  */ 
k.p2=k_p2; /* top joint position gain */ 
k.vl=k_vl; /* bottom joint velocity gain  */ 
k.v2=k_v2; /* top joint position gain */ 
k.fx=k_fx; /* x direction force gain */ 
k.fy=k_fy; /* y direction force gain */ 
k.fvx=k_fvx; /* x direction force damping gain*/ 
k.fvy=k_fvy; /* y direction force damping gain*/ 
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/♦Weight of bottom joint finger 1*/ 
/♦Weight of top joint finger 1  */ 
/♦Weight of bottom joint finger 2*/ 
/♦Weight of top joint finger 2  ♦/ 



k.vl = k.v2 = 0.0; 

dat = get_data(); 
read_force_offsets(0); 
vel_off = read_vel_offsets(); 

init_block(block); 

while (1) { 
dat = get_data();    /*take raw data from sensors*/ 
ang = read_ang(0);   /«calculate position angles in degrees*/ 

/♦read velocities of master only*/ 
vel = read_vel(0); 

calc_sin(0); /»Calculate sines of master only    */ 
cosine=calc_cos(0); /«Calculate cosines of master only  */ 
calc_cosdbl(0); /«Calculate the torque correction 
for the top axis*/ 

/* Read forces of master only    */ 
force    = read_forces(0); 

forces[0] = force.xl/GRAMSTONEWTONS 
forces[1] = force.yl/GRAMSTONEWTONS 
forces[2] = force.X2/GRAMST0NEWT0NS 
forces[3] = force.y2/GRAMST0NEWT0NS 

get.positions(); 

/♦calculate the forces to be played on the master fingers*/ 
playsound = fingerforces(position,block,forces,velocity,fingerforce,test); 

/»calculate the vibration amplitude at impact, and update model */ 
leftamplitude = onetimestep(block,floorK,floorKV,test); 
rightamplitude = leftamplitude; 

/*holdfingers(); this is a check function */ 

/♦send the positions of the block and fingers to the virtual */ 
/♦world model running on the 486 ♦/ 
send_positions(); 

/♦these are the forces that we want the user to exert*/ 
/♦fingerforces[#] axe read from the virtual model.  ♦/ 
forcef.xl = fingerforce[0]; 
forcef.yl = fingerforce[l]; 
forcef.x2 = fingerforce[2]; 
forcef.y2 = fingerforce[3]; 

/****************♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦♦*♦*♦♦♦♦♦*♦♦♦♦♦♦♦♦♦♦♦♦/ 

/* NOTE: Forces given to the control law are 
the ones we want the USER to exert. */ 
/* Control law for finger 1*/ 

tor.tl = (l/torcor.tl)*(weight.tl*cosine.tl 
- forcef.yl*(L/100.0)*cosine.tl 
+ forcef.xl*(L/100.0)♦sine.tl); 
tor.bl= weight.bl^cosine.bl 
- forcef.yl+(L/100.0)+cosine.bl 
+ forcef.xl+(L/100.0)+sine.bl; 

/♦ Control for finger 2 ♦/ 

tor.t2 = (l/torcor.t2)+(weight.t2+cosine.t2 
- forcef.y2*(L/100.0)*cosine.t2 
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+ forcef.x2*(L/100.0)*sine.t2); 
tor.b2 = weight.b2*cosine.b2 
- forcef.y2*(L/100.0)*cosine.b2 
+ forcef.x2*(L/100.0)*sine.b2; 

/*No Slave in this Implementation*/ 
tor.t3 = 0; 
tor.b3 = 0 
tor.t4 = 0 
tor.b4 = 0 

move_motors(0, tor); 
/* if (fabs(block->v.y) > TOO.FAST) 

{flop = 1.0;} 
else flop =0.0;  */ 
flop = (flop) ? 0 : 1; /* used to see servorate from */ 
*DSP_A = (0x4000*flop « 16);     /* DSP channel A (pin 7)     */ 
*DSP_TRIG = 0; 

out(15,flop*10); 
out(14,forces[0]); 

cyclecounter++; 
} 
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A.2    BLOCK2.C 

This file contains functions called by VROBOT. C. Only the functions pertaining to force and 

motion determination are presented here. 

/*********+***********************************************************+**+*/ 

/♦unit for virtual crank experiments */ 
/*Parris Wellman Harvard University*/ 
/♦Revised by Tim Schulteis Boston University*/ 
/*Last Revision: 1/18/97 */ 
/* */ 
/**************************************************************************/ 
#include <math.h> 
»include "block2.h" 

/^^^%^%%%%%%^^^]^^^^%^%^%]^^^^^^^^%^%^^^%^^^%^^^^3K^e4e34c3|e^e^^c]|c9|c3fcH<****************/ 

/♦Inputs: OBJECT *block int *leftamplitude int brightamplitude */ 
/♦Outputs: 1 if we are at initial contact and a wave should be played */ 
/* 0 otherwise */ 
/♦Function: Does one Euler integration step and updates the values in ♦/ 
/♦ block. ♦/ 
/♦ Expects lengths in meters. ♦/ 
/* Masses in kilograms. */ 
/* ONE_TIME_STEP = 1/servo-frequency ♦/ 
/j|cj|c:4ej|c34e$£:4e$:4e$34e$3|c3|e]tci|E34c]4c3|c$3(e*^***^******^^^^^^^*****************^^^******^^^^***/ 

float onetimestep(OBJECT ♦block.double floorK, double floorKV, double ♦test) 
■C 
float dt; 
vector2d ace; 
vector2dn accn; 
static int returnval; 
float amplitude; 
float impulse; 
float denom; 
float theta, thetadot;     /+Angle of t,n coord system w.r.t. x,y*/ 
float co, si; /*Trig func. of theta*/ 
float phi; AAngle of block w.r.t. center^/ 
float argl, arg2; /♦Arguments used in computing thetadot^/ 
float xdif, ydif; /♦Abreviation for x - xcenter^/ 
returnval = 0; 

dt = 0NE_TIME_STEP; 

returnval = Floor(block,floorK,floorKV); 

if (returnval == 1){ 
amplitude = block->v.y; 
} 
else{ 
amplitude =0.0; 
} 

if (block->f.x > FORCEMAX) {block->f.x = FORCEMAX;} 
if (block->f.x < (-F0RCEMAX)) {block->f.x = -FORCEMAX;} 
if (block->f.y > FORCEMAX) {block->f.y = 2+FORCEMAX;} 
if (block->f.y < (-F0RCEMAX)) {block->f.y = -2*F0RCEMAX;} 

/»Compute Theta (Angle of tan-dir relative to horizontal)*/ 
/* and Theta Dot ♦/ 
xdif= block->r.x-XCENTER; 
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ydif= block->r.y-YCENTER; 
argl= (ydif)/(xdif); 
arg2= (block->v.y*(xdif) - block->v.x*(ydif)) 

/ (xdif) / (xdif); 
phi=atan (argl); 
if (xdif < 0) 

{ phi += PI; 
} 

theta = phi - PI/2; 
thetadot= arg2/(l+argl); 
co= cos(theta); 
si= sin(theta); 

/* Assign trig func. to bus */ 
block->theta.co = co; 
block->theta.si = si; 

/♦Compute the accelerations (GRAVITY accounted for in force calc) */ 
acc.x = block->f.x/block->M; 
acc.y = block->f.y/block->M; 

/♦Compute the velocities */ 
block->v.x = block->v.x + acc.x*dt; 
block->v.y = block->v.y + acc.y*dt; 
block->vn.n = block->v.y*co 
- ydif*si*thetadot 
- block->v.x*si 
- xdif*co*thetadot; 

/♦Compute the positions */ 
block->r.x = block->r.x + block->v.x*dt; 
block->r.y = block->r.y + block->v.y*dt; 
block->rn.n = -R + ydif*co - xdif*si; 
block->rn.t = xdif*co + ydif*si; 

return(amplitude); 
} 

/♦Inputs: double »angles OBJECT *block double »forces */ 
/* double *vels double *fingerforce */ 
/♦Outputs: none */ 
/»Function: computes the interaction forces based on a viscoelastic */ 
/* model of the block. */ 
/* Updates the forces applied on the block in *block. */ 
/* Updates the forces applied to the fingers in »forces */ 
/* »angles provides the joint angles of the fingers */ 

int fingerforces(double *pos,OBJECT »block, 
double »forces,double »vel, 
double »fingerforce, double »test) 
{ 
static float lastyleft; 
static float lastyright; 
static float lastblocky; 

int  i.playleft; 

float xl,yl,x2,y2; 
float vxl,vyl,vx2,vy2; 
float kvy; 

float xleft.xforceleft; 
float xright.xforceright; 
float yleft,yright; 
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float vleft.vright; 
float xvelforceright.xvelforceleft; 
float fyleft.fyright; 
float yforceleft,yforceright; 
float mul,mu2; 
float co,si; /*Cosine and Sine variables*/ 
float yfingfob,xfingfob;   /*Net fingerforces acting on block*/ 
float constraintforce;    /*Value of constraint force in constraint dir.*/ 

/♦calculate the positions of the fingertips*/ 
xl = (XBASE1 + pos[0] + HANDLEWIDTH); 
yl = (YBASE1 + pos[l]); 
x2 = (XBASE2 + pos[2] - HANDLEWIDTH); 
y2 = (YBASE2 + pos [3]); 

/♦calculate the xpositions of where block contact points should be*/ 
xleft = (block->r.x - block->w); 
xright = (block->r.x + block->w); 

/*ycontact position on block always at center*/ 
/* yleft = (block->r.y + (block->h/2)); 

yright = (block->r.y + (block->h/2)); 
*/ 

yleft = (block->r.y); 
yright = (block->r.y); 

/*ycontact position on block stays where contact is first made */ 
/♦contactleft(right) is distance from ref point (bottom of block) to */ 
/♦point where contact was first made*/ 

/*  if (xleft >= xl) 
{  block->contactleft = yl - block->r.y; 
} 

if (x2 >= xright) 
{  block->contactright = y2 - block->r.y; 
} 

yleft = (block->r.y + block->contactleft); 
yright = (block->r.y + block->contactright); 

*/ 

/♦calculate the velocities*/ 
vxl = vel[0]: 
vyl = vel[l] 
vx2 = vel[2] 
vy2 = vel[3] 

/♦calculate the forces in the x direction on both fingers^/ 
xforceleft = -block->K+(xl - xleft) - block->KV*(vxl-block->v.x); 
xforceright = - block->K*(x2 - xright) - block->KV+(vx2-block->v.x); 

/♦calculate the forces in the y direction on both fingers+/ 
yforceleft = - block->KVERT+(yl - yleft) - block->KVVERT+(vyl-block->v.y); 
yforceright = - block->KVERT>(y2 - yright)- block->KVVERT>(vy2-block->v.y); 

/♦ Forces are present only when fingers are in contact with block ♦/ 
/*  if (xleft > xl) 

{    xforceleft = 0; 
yforceleft = 0; 

} 
if (xright < x2) 

{ xforceright = 0; 
yforceright = 0; 

} 
♦/ 
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/♦assign the forces to fingerforce*/ 
fingerforce[0] = (double) (xforceleft); 
fingerforce[l] = (double) (yforceleft); 
fingerforce[2] = (double) (xforceright); 
fingerforce [3] = (double) (yforceright); 

/*Eq. and opp. fingerforces, gravity, and constraint force act on block*/ 
xfingfob=-(xforceleft + xforceright); /*Net xfingerforce acting on block*/ 
yfingfob=-(yforceleft + yforceright); /*Net yfingerforce acting on block*/ 
/*if abs(block->rn.n-R) > .05 */ 
/*if (block->rn.n > R) */ 
if (1) 

{ constraintforce = - (block->rn.n)*KCONSTRAINT 
- block->vn.n*KVCONSTRAINT ; 

} 
else constraintforce = 0; 

block->f.x = xfingfob - constraintforce*block->theta.si; 
block->f.y = yfingfob + constraintforce*block->theta.co 

block->M*GRAVITY; 

return(1); 

} 
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