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ABSTRACT

The sense of touch is a very useful property of the human hand that is important for
grasping and manipulating a variety of objects. The adaptation of this ability in mechani
cal grippers would facilitate skillful performance of operations by robots in unstructured

environments.

This thesis describes the design, development and implementation of a task oriented
procedure to determine the status of a robotic gripper during grasping and releasing
operations. The task status obtained using this procedure, provides a complete set of

information about the task including the direction of object displacement relative to the

gnpper.

The computer aided procedure uses the dynamic forces measured during grasping
and releasing operations. A prototype gripper system was designed and built to measure

the real time dynamic forces during selected tasks. An integrated computer program per
formed tactile imaging and image interpretation to facilitate decision making based on

the force data. The decisions obtained from each block of data were displayed in the form

of a set of task status parameters describing grasping and releasing levels with associated

confidence factors. Using the task status information, a method was designed and im

plemented to determine a set of control decisions to aid in the completion of a task.

The computer aided procedure is a useful contribution to the development of intel
ligent grippers. The suitability of the procedure has been demonstrated using a set of con
trol decisions obtained from the expert system. Since the procedure was validated using
experimental data obtained while performing real tasks on a set of selected laboratory
samples, its applicability in practical industrial environments is promising.
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1. INTRODUCTION

Dextrous manipulation is an important human skill that is yet to be duplicated by
robotic hands. Humans can grasp objects having a variety of shapes and sizes,·perform
complicated operations, and switch grasps according to changing task requirements.
Sophisticated control capabilities and the physical structure of human hands contribute to

these skills. To design an anthropomorphic hand, it is necessary to consider at least 20

degrees of freedom exhibited by a human hand with efficient sensor information and ac

tuation to control each of them. The control capabilities are facilitated by tactile and
force sensors which sense conditions at the fmger-object contacts. It has been shown
[1] that people become very clumsy when deprived of reliable tactile information.

Intelligent robotic grippers will be useful in the areas of tele-operation in space and
other hazardous environments, and in factory automation. In space, for example, the cost

of having a robot repair or service a module is a small fraction of the cost of using a

human, and much safer. With tele-operation, humans can be included in the control loop
to make complex decisions. The inspection and repair of ageing nuclear reactors and site

cleanup of radioactive and other hazardous waste materials are future important applica
tion areas for dextrous robotic hands. Though assembly robots are not yet common in the

factory, there is interest in a vertically integrated manufacturing system that could use

CAD/CAM models and sensor based robots in the design, assembly and inspection of
manufactured components.

Research into robotic sensing has been directed towards two main areas, namely,
machine vision and tactile sensing. Vision sensors have many advantages for remote

sensing, however they have some practical limitations when the hand occludes regions of
the workspace. Low light conditions and varying reflectance also present difficulties for
the use of vision systems. It is recognized that tactile sensing is essential for a robotic
hand which attempts dextrous manipulation tasks. However, being an active sensing
modality, tactile sensing has to be incorporated directly into the gripper control loop as

opposed to vision sensing where a passive look at a scene is sufficient to obtain an image.
In the ideal case, for robotic manipulation with an artificial hand, a vision sensor could be
used to obtain a global image of an object's location and orientation, and tactile sensors

could be used to obtain more detailed information from grasping contacts and to control
the grasp during the task.

1
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Research into tactile sensor-based robot hands to perform dextrous gripping opera
tions is currently directed toward the investigation of real time gripping mechanisms. A
variety of systems have been investigated and a widespread optimism exists regarding the
potential application of tactile systems in robotic end-effectors. Presently, most systems
which are in actual use are limited to static sensing for simple contact imaging rather than
for active manipulation. Though many tactile sensor designs exist, much work remains
to be done at various levels before automated gripping and manipulation is clearly under
stood and used in dynamic manipulation processes. It is believed that future assembly
tasks will require manipulation capabilities possible only with low-mass, compliant and
mobile fingers that can participate in intelligent gripping of objects in unstructured en

vironments.

1.1. Problem Definition and Motivation

Grasping and holding an object with a hand is a complex mechanical process which
involves many sensors, control systems and actuators. The physiology of touch, grip and
gait in humans has been studied [2], [116],[117],[118] and the details of the processes
involved in human taction have been investigated to provide the direction for developing
grasping techniques for robotic hands. In humans, the thumb plays a vital role in grasping
and provides the stability and strength to oppose the force applied by one or all of the
four fingers [2]. In holding an object, a momentary force as high as 72.4 N has been
detected between the thumb and the index fingers [3]. By studying the biomechanics of
the static forces in the thumb during normal hand functions, Cooney and Chao [4] have
found that during sustained actions, pinch forces can rise to 300 N and grasp forces can

reach 500 N. The pressure exerted on finger surfaces during normal activities is between
o and 245 kPa [5].

In a general sense, intelligent grasping consists of two main functions; spatial
positioning of the end..effector relative to an object, and orientation of the movable ele
ments of the end-effector so that they contact, grip without slippage, move, and release an

object in a desired way. Robotic vision performs the first task in a relatively efficient
way with reasonable accuracy in an industrial environment. The second task may be ac

complished by a tactile sensing gripper. For handling different kinds of objects, a tactile
sensing system should possess the following general characteristics. The sensors should
be conformable to the shape of the fingers on which they will be mounted. The fingers
should be compliant so that they can grasp an object of unknown shape by conforming
the fingers to the object. The system should provide a reliable, spatially localized and
high bandwidth signal to locate contact points. The system should also be able to obtain
accurate force measurements to enable estimation of finger forces from tactile infor
mation. The approaches used by researchers to build prototype tactile sensing robots
suffer from some disadvantages. They suggest complex procedures for performing
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simple tasks because the procedures do not exploit the full potential of modern high
speed signal processing techniques. In most of the cases, object oriented approaches for
handling objects have been proposed rather than task oriented procedures. It has been
suggested by some researchers that the performance of mechanical gripping systems
could be enhanced by incorporating principles from the human grasping process which is

quite efficient and is highly adaptive.

In order to develop a task oriented robot gripper, which can perform common object
handling tasks like humans, it is necessary to address a number of problems related to

tactile sensing, tactile signal processing and interpretation. A logical starting point in
such a development is an investigation of the human tactile sensing system in order to
understand the methods of tactile data acquisition, signal processing and interpretation
used by humans.

1.1.1. Human adaptive grasping theories

Many basic ideas for tactile sensing in machines can be obtained from a knowledge
of sensing in human finger tips. A brief review of the known physiology of human tactile
sensing is given here in order to provide a basis for presenting the direction of the work
that is described in this thesis. Further details of the human grasping process have been
included in Chapter 2 which presents a review of literature in all areas of grasping and
dextrous manipulation.

There are three basic theories [6] about human skin senses: the Specificity theory,
the Pattern theory, and the Combined approach. These theories have been explained by
Matlin [6], and some details have been explained using Figure 1.1. Human skin can be
divided into three layers. The epidermis, on the outside, is composed primarily of dead
skin cells. The dermis is the lower layer where new cells are formed. These new cells
move to the surface and replace the epidermis cells as they are rubbed off. Underneath
the dermis is the subcutaneous tissue, which contains connective tissue and fat globules.
The skin also has an array of veins, arteries, sweat glands, and receptors. Of these, the
primary interest for this work is the role and behaviour of receptors.

All skin receptors are the endings of neurons that carry information from the skin to

higher processing systems. Some skin receptors have free nerve endings, while others
have encapsulated endings on the end nearest to the epidermis. These endings differ in
their shape, size and degree of organisation.

The Specificity theory states that each of the different kinds of receptors responds
exclusively to only one kind of physical stimulus, and each kind of receptor is therefore
responsible for only one kind of sensation. The Pattern theory suggests it is the pattern of
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Figure 1.1: Structure of a typical hairy skin [from Matlin [6], page 202, Fig. 9-2].
nerve impulses that determines the sensation. According to this theory, each kind of
receptor responds to many different kinds of stimulations, but it responds more to some

than to others. For example, a particular receptor might respond vigorously to a cold
stimulus, less vigorously to a tactile stimulus, and even less to a pain stimulus. The brain
can eventually interpret a code in terms of the relative strengths of the receptor responses.
Melzack and Wall [7] have proposed a theory which combines both of the above theories.
According to this Combined theory, receptors are different from one another, and each
kind of receptor is specialised so that it can convert a particular kind of stimulus into a

specific pattern of impulses. This theory was developed with regard to pain perception
and is popularly known as the Gate control theory [8], [9], [10].

There are two separate systems by which information travels from the skin receptors
to the brain; the Lemniscal system and the Spinothalamic system [6]. Several factors
distinguish the two systems. For example, the Lemniscal system has large fibres which
convey information very quickly. In contrast, the Spinothalamic system has small nerve
fibres which carry information more slowly. The acuity of the Lemniscal system is much
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greater, and it can transmit very precise information about the physical location of the
stimulus. Both Lemniscal and Spinothalamic systems pass their information to the
somatosensory cortex of the brain.

The tactile sensors in the grasping surfaces of a human hand are classified into four
predominant types; Type I, which are surficial, Type II which are deeply embedded, FA
which are fast adapting, and SA which are slow adapting [11]. By measuring the nerve

signals from these tactile sensors it has been shown [1], [12] and [13] that manipulation
in humans is event driven, and the tactile sensors provide information about the progress
of the task.

1.1.2. Mechanical grasping

When the gripper of a robot contacts an object to perform a grasping or releasing
operation, the forces acting on each tactile sensing element (tactel) will vary with time.
When the object is firmly grasped, the force variation will become small, and if the object
is fully released, the value of the force as well as the force variation will become zero.

While handling an object, the gripper status can therefore be either grasping the object,
releasing the object, or neither grasping nor releasing. In each of these three states of the
gripper, the object can experience slip. These states, and the relationships between them
are illustrated in Figure 1.2.

1.2. Statement of Objectives

The objective of the project has been to design and develop a task oriented proce
dure using concepts of human tactile sensing theories. The goal is to use ideas from the
Pattern theory of interpretation of stimulating impulses for skin sensing as a basis for

analysis of instantaneous forces acting on each tactile sensing element while a gripper
contacts an object. The word "task" as used here will refer to a grasping or a releasing
operation performed by a gripper system. A laboratory prototype tactile sensing system
will be used to measure the instantaneous normal forces acting on each tactile element.

A procedure will be developed to process and interpret force signals from gripper
fingers in order to determine quantified decision parameters. The decision parameters
will be interpreted to identify the status of the gripper during the performance of a task.
The task oriented procedure will be implemented in the form of an integrated computer
program which will be executed on a dedicated work station. The performance testing
and validation of the procedure will be carried out using stored real time task data ob
tained while performing a selected set of grasping and releasing operations.
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Figure 1.2: Gripper states during grasping and releasing.

1.3. Overview of the Thesis

In order to achieve the stated objectives, a number of activities were carried out in
the project. A comprehensive survey of the available literature in the areas of tactile

sensing, dextrous manipulation and robot gripper mechanisms was done in order to gain
knowledge about the current state of the art in robotic grasping and object manipulation
using tactile sensors. An overview of this survey is presented in Chapter 2.

The design and development of a prototype tactile sensing and data acquisition sys
tem was carried out in order to obtain a laboratory model of a prototype gripper system.
This system consisted of tactile sensors, the driving electronics, a data acquisition system
and a commercial robot equipped with a parallel-jaw gripper. The design details and the

implementation of this prototype system have been covered in Chapter 3.

The prototype gripper system was a nonlinear system and hence it had to be care

fully modelled and calibrated. An expert system-based modelling and calibration tech

nique was developed to facilitate this task so that changes to the system system con-
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figuration could be accommodated. The implementation of the modelling technique was

tested using the prototype system and the details of the development and subsequent test
ing are described in Chapter 4.

The next segment of the project consisted of the development of a procedure to

characterize the dynamic force data acquired during real time tasks. This procedure was

implemented in the form of a program as described in Chapter 5. This program con

sidered the uncertainties and the errors present in the formulation of tactile images from
raw force data. By analyzing the results of the characterization, a method to interpret the
tactile images in order to obtain useful information was developed.

Formulation of the task status decisions was done in two stages. In the first stage, a
decision filter was designed and implemented to obtain a set of decision parameters by
processing the tactile image, as discussed in Chapter 6. In the subsequent stage, which is
also described in Chapter 6, these decision parameters were interpreted by an expert sys
tem.

The programs designed to process the raw force data to obtain tactile images, deter
mine the decision parameters using these images, and the expert system which was

developed to interpret the decision parameters were integrated into a single computer
program. The details of this software integration, its testing and performance evaluation
are described in Chapter 7. To validate the task oriented procedure, a number of tests

belonging to different categories of tasks were conducted. The performance evaluation of
the complete procedure was done using the real time task data. Chapter 7 also describes
the design and implementation of a control decision indicator expert system which was

used for validating the task status decisions obtained from the integrated procedure.

The major contributions and the significant conclusions drawn from the investiga
tion have been summarized in Chapter 8. Potential areas for further investigations have
also been identified.

Technical specifications of the RM-101 Microbot robot were used in order to devel

op an external gripper motor controller circuit This circuit was designed using discrete
electronic components as discussed in Appendix A. A typical user session with the
modelling and calibration expert system and the listing of the knowledge base used by
this expert system have been documented in Appendix C. The listing of a typical user
session with the task status indicator expert system has been given in Appendix I. The

performance validation results of the task oriented procedure are presented in Appendices
DtoH.
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2. TACTILE SENSING, HUMAN GRASPING AND
RECENT DEVELOPMENTS

2.1. Introduction

Much research in tactile sensor-based robot hands to perform dextrous gripping
operations is currently directed toward the investigation of autonomous gripping
mechanisms using a variety of techniques. The potential application of tactile systems in
robotic end-effectors have been established. Contact imaging is being performed using
the tactile systems which sense static forces and displacements. However; it is believed
that more research is needed in the area of gripping and dextrous manipulation to cater to
future assembly tasks which will require intelligent gripping in an unstructured environ
ment.

In this chapter, the definition and main principles of tactile sensing are given and the
evolution of the topic since 1970 is traced. The grasping process in humans has been
described using the nature of forces recorded during a typical lifting operation. A review
of literature on tactile sensing, grasping, and manipulation, highlights the diversity of
techniques tried out at various research laboratories. The principles tried out by various

investigators will be briefly outlined. A summary of the areas to be investigated further,
in order to develop a truly intelligent robotic gripper, has been given at the end of this

chapter.

2.2. Tactile Sensing

Tactile sensing is defined [119] as a continuous sensing of variable contact forces,
commonly by an array of sensors. Ideally, it should be possible to perform continuous

sensing in an arbitrary three dimensional space. According to this, touch sensing may be
defined as a binary sensing process which is a simple contact detection at one or a few

points [14]. Tactile sensing generally refers to devices having skin-like properties, where
areas of force sensitive or displacement sensitive surfaces are capable of detecting many
levels of force and patterns of touch.

ing may be considered as a two stage process including both transduc

'i ocessing. Transduction occurs when features of an object being ex-

;y�
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amined are converted into signals of some form, as in the case of the conversion of forces
into electrical impulses. Data processing then interprets these signals to obtain useful in
formation about the features of interest.

2.3. History and Evolution of Tactile Sensing

Interest in touch sensing for a flexible robot dates back to that period when resear

chers recognised the need for contact feedback, especially in remote manipulation in
radiation contaminated areas or in other dangerous or remote places. A major problem
however was and still is the lack of adequate commercial tactile sensors. Among the first
to report pattern classification of a grasped object by an artificial hand, were Kinoshita,
Aida and Mori in 1973 [15]. The artificial hand had an array of 20 pressure sensitive
elements (5 rows by 4 columns) and the shape of a surface was identified during a single
grasp. Similar tactile array arrangements placed on a tong shaped hand were reported by
Hill and Sword in 1973 [16]. Until 1979, touch sensing technology for robotics was still
in its infancy [14]. Industrial and other commercially available manipulators having
touch capability were crude devices using simple limit switches, potentiometers, and
photo electric sensors. Some other primitive (but useful) force sensing systems
monitored air pressure or electric currents. Most provided binary signalling only.

Laboratory developments reported in the last decade [14] demonstrated many new

approaches. Multi-jointed fingers and hands employed pressure sensitive conductive
material. Simple point sensing arrays (3 x 3 ,4 x 4 ) showed early success in discriminat
ing generic geometric shapes by touch (e.g. cube, cylinder, pyramid ). Other laboratory
developments indicated that the same simple tactile arrays could detect object surface
characteristics such as ridges, edges, pits and cracks. Strain gauge technology, semicon
ductor arrays and conductive polymers were being used for force, torque, slip and simple
pattern sensing. A number of ingenious proximity sensing systems (e.g. optical,
ultrasonic) were being considered as possible alternatives to touch and vision. By 1985, a
number of approaches for tactile sensing were reported. The principles of operation,
characteristics, and the relative merits and demerits of the important tactile and slip sen

sors are reported by Vaidyanathan [17].

2.4. Grasping and Object Handling by Humans

Grasping and holding an object with a hand is a complex mechanical process which
involves many sensors, control systems, and actuators. Figure 2.1 shows some of the
forces occurring during a lifting operation [18].

The sequence of operations performed were lifting an object from the table, holding
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Figure 2.1: Forces during a human lifting operation and various afferent responses
[from Westling [18], 1986, Fig. 8] •

it in mid-air and placing it back on the table. These have been divided into seven distinct
phases: preload, loading, transitional, static, replacement, delay and unload. The load
force was the force exerted by the weight of the object, the grip force. was measured
perpendicular to the load force, and the position was measured from the table. When a

grip was established, (preload phase), the load and grip force increased in parallel until
the load force overcame gravity and load movement started. The transitional phase is the
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phase during which the load was raised to a pre-determined height. In the following static

phase, no work was done and the ratio of the two forces remained constant as the height
of the load remained steady. After replacement, there was a delay before unloading.
During the unloading phase, the load and grip forces decreased in parallel. The ratio of
grip to load force during the loading and unloading phase was approximately constant.

The minimal grip/load ratio which prevented the object from slipping is called the "slip
ratio'. The slip ratio depends on the frictional coefficient between the object and the skin.

By experimenting with different surface materials, Johansson andWestling [1] have
determined a relationship between the slip ratio and the coefficient of friction. It was also
observed that the profiles of the motion and the load force were not affected by the sur

face conditions. However, there was a significant change in the profile of grip forces.
Both the rate of change of grip force and the fmal value of grip force increased with the

degree of smoothness. The slip ratios showed that force coordination was adjusted to the
frictional condition of the surface and provided a lower slip ratio for rougher surfaces.
The weight of the object did not affect the slip ratio but influenced the duration of the
force change. By anesthetizing the fingertips. Westling and Johansson [19] have found
that the profile of the grip force and load force does not change indicating that that there
is no automatic adaptation to frictional conditions. By localizing the tactile afferents, it
was found that tactile signals guide the force coordination to the frictional limiting con

ditions. Figure 2.1 shows the various kinds of afferent responses observed in the four
types of tactile units.

The tactile units, FAl. FAIT, SAl and SAIT, are defmed in Figure 2.2. The

mechanoreceptors, which belong to a "slowly adapting" class, are designated as SA
receptors while those belonging to the "rapidly adapting" class are called FA receptors.
Each adaptation class is further divided into two types, namely. type I and type II, based
on their number densities and areas of receptive fields. Type I receptors are better at sup
plying information on velocity or movement, and type II are better for static stimulation.
The graphs in the middle portion of Figure 2.2 show the schematic of an impulse dis
charge (lower traces) due to perpendicular ramp indentations of the skin (upper traces)
for each unit type. The dark patches and the dashed areas of the drawings of the hand on

the left show the extent of typical receptive fields for type-land type-Il units, while the

drawings on the right show the average densities of the two units.

Referring to Figure 2.1, Event (a) is the initial touch which results in responses in all
the four tactile units, FAl, FAIl, SAl and SAIT. Event (b) indicates slip during the loading
phase, which elicits tactile slip responses in FAl, SAl and FAIl units. Subsequently, the
force ratio was upgraded [18] and the beginning of the vertical movement is identified by
FAIl units. FAl movements were detected during periods of pronounced physiological
muscle tremor as shown in (d), and at the instant (e) the activities in FAl and SAl units
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due to localized slip were observed. At the event (0, slip-triggered responses in FAI, SAl
and FAIl units cause an upgrading of the force ratio during the static phase. There is a

burst at the moment of support contact as shown at (g) and the fmal release responses in
FAI, SAl and FAIl units occur at (g).

These human grasping principles may be summarized [2] as follows: adaptation of
force coordination to frictional changes occurs for a variety of tasks during precision
grip. The adaptation process depends only on the coefficient of friction and not on the
texture properties of the surface. The force to load ratio is automatically maintained at a

level adequate for the current frictional demands. However, the fmal steady state force

depends on the surface friction.

Those features of human grasping which have been clearly identified and which
could be readily implemented using artificial tactile sensors were considered in the

development of this project. The concepts used were based on the Pattern theory of tactile
. sensing, which states that tactile sensing in humans is performed by a number of similar

type of sensors which are responsive to the intensity of force rather than the type of force.
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Subsequent processing of the tactile signals is performed by the Central Nervous System
which considers both the spatial and time varying nature of these signals in order to inter
pret them. Similar type of sensing, processing and interpretation were considered ap
propriate for a task oriented procedure designed and developed in this project.

2.5. Survey ofSelected Literature

Recent work on dextrous manipulation in machines covers a wide range of areas
which include tactile sensing, stability and optimization of grasp, dynamic control, and
specific issues directly related to perception, such as geometric modelling, active touch,
and uncertainties. Only a brief overview of some of these techniques is presented in the

following section to provide a perspective of the current technology in tactile sensing for
analysis and control ofmechanical grasping.

The design of tactile sensing arrays has been attempted by many researchers
throughout the world. This work has resulted in the investigation of practically every
conceivable means of force and displacement transduction. A variety of tactile sensing
arrays have been reported, some of which rival the spatial densities of sensors on the
human hand [20]. The phenomena that have been investigated include elastomeric
piezoresistance, piezoelectricity, optical reflection and absorption, capacitance, induc
tance, magnetostriction and a score of others. Surveys of tactile sensing research

[14] reflect a greater emphasis on transconduction techniques rather than on tactile data

interpretation [21].

A comprehensive bibliography of earlier work on tactile sensing has been compiled
by Harmon [22]. Jacobsen et al. [23] have discussed the general issues and trade-offs
governing the design of extended tactile sensing systems with special emphasis on prac
tical necessities such as simplicity, reliability, and economy. Recently, a high resolution
tactile sensor consisting of a 64 by 64 element array has been discussed by Clark
[24] based on the idea of compliance matching. Here, the high compliance of the con

tacting element is matched to the low compliance of the sensing element using a mag
netic field as the matching medium.

Analysis and synthesis of stability in static grasps have been extensively studied for
different types of finger configurations, contact types, and object types. The idea of point
contact with friction dominates most of the characterizations. Stability of grasps with
soft fingers Ieading to the development of analytic techniques for automated grasp has
been studied by Jameson [25]. In his thesis, he deals with statically indeterminate grasps
with distributed contacts. Using a model-based optimization technique, both first order
stability (perturbation due to sliding motion), and second order stability (perturbation due
to the compliance of the load) were analyzed, and criteria for the maintenance of a secure
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dynamic grasp during manipulation were suggested. Jameson and Leifer [26] have
proposed a method for the synthesis of stable grasps. Given geometric models of the ob

ject and the gripper, a stable grasp is found by optimizing a grasp goal function, which
represents how far away the grasp is from stability. Physical constraints like torque and
motion are included. Using point contacts without friction, stable force closure grasps
have been synthesised in 2 dimensions [27] and 3 dimensions [28] by determining ap
propriate relations between the stiffness of the grasp and the spatial configurations of
virtual springs at the contact. An algorithm [29] for constructing force closure grasps
based on the shape of the grasped object has also been proposed. This method finds
independent regions of contact for the fingertips such that the motion ofthe grasped ob

ject is totally constrained. By constraining objects to belong to a particular class,
Berkemeier and Fearing [30] have suggested a technique to determine the axis of the sur

face of revolution using three tactile curvature measurements.

In contrast to the above methods which deal with static grasping, Fearing [31] has
proposed a method for stable grasping of polygonal objects when object models are not

available. Assuming point contact with friction (with no moments), local tactile infor
mation is used to determine fingermotion in the presence of disturbances and uncertainty
in contact locations. A stable force strategy for regrasping and part re-orientation has also
been proposed by Fearing [32]. To estimate the dynamic forces on tactile sensors con

taining viscoelastic materials, he has advocated the use of a Maxwell-Kelvin model in
stead of an elastic model [33]. Once a dynamic modelling technique is developed, this
could be used to advantage. Further details of this model are presented in Section 4.4.5.

Three basic problems of grasp optimization have been defined by Kerr and
Roth [34]. They are the following: how hard to squeeze for a secure grasp, what finger
motions are required to produce the desired motion, and, what is the useful work area of
the hand. By using constraints imposed by the object (based on its CAD geometry), task
(at every stage of the gripping process), and gripper characteristics, the problem of grasp
optimization .has been unified by Feddema and Ahmed [35]. Kerr and Roth have also

analyzed over-constrained, under-constrained and degenerate grasping configurations
[36]. For known geometries of objects, Yoshikawa [37] has proposed a method of deter
mining gripping positions automatically. He has used resilience to slippage and twisting
of the gripper due to external forces as criteria for determining stability.

Yoshikawa and Zheng [38] have proposed a co-operative dynamic hybrid force con

trol method for simultaneous control of object motion and internal forces exerted by the
arms or the fingers on the object. Both the manipulator dynamics and object dynamics
have been considered for their formulations. Using dynamic models for two coordinated
robots, Dudar and Eltimsahy [39] have proposed a near-minimum time controller for ob

ject manipulation. The dynamic models are updated at every control interval and bang-
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bang control theory, in conjunction with synchronization of execution times, is used to

derive the control laws. A process-based model of robot task plan representation has
been described by Lyons [40]. Using techniques of process algebra, the author has intro
duced a way to analyze plans for efficiency and has indicated a method for plan genera
tion.

An algorithm for finding the distribution of force among fingers based on super
position of finger-interaction forces and equilibrating forces is proposed by Kumar and
Waldron [41]. Cutkosky and Wright [42] have suggested that the use of compliant
materials on gripping surfaces of a robotic hand leads to the development of models for
pointed, curved, flat, soft and soft-curved fingertips. By comparing these models in terms

of their contribution to stiffness and stability of a simple grasp, a grip taxonomy has been
established in order to codify knowledge for manipulation in small batch manufacturing.
Fabrication of electrorheological (ER) fluid-based robotic fingers with tactile sensing
capability has been described by Kenaley and Cutkosky [43]. Compatibility between skin
materials and ER fluids and the causes and prevention of fluid stratification and electrical
arcing have also been discussed by the authors. The visco-plastic nature of soft fingertips
affects the dynamics of manipulation by dissipating energy. Prasad et al. [44] have dis
cussed this effect in the context of simulating manipulator dynamics.

Based on the singular values of a grasp matrix, three measures for grasp evaluation
in the force domain have been proposed by Li and Shastry [45]. One of these measures,
which is task oriented, models tasks as ellipsoids in wrench space. A complete and

parametrically continuous kinematic model for robot calibration has been described by
Zhuang et al. [46]. The parametric continuity of such a model has been achieved by a

singularity-free line representation.

Tomovic, Bekey and Karplus [47] have proposed a comprehensive framework for
high level grasp control which consists of the following: (i) a target approach phase,
which includes target identification, hand preshaping and orientation (ii) agrasp execu

tion phase, which includes shape and force adaptation, and (iii) a reflex control phase,
which uses a knowledge base for the design of human operator interface, trajectory
generation, a hand structure generation, andmanipulator control.

A high level control mechanism in a distributed computing environment has been
proposed by Lyons [48] wherein, the characteristics of the object to be grasped as well as
the actions to be performed are considered. The grasp is characterised by the preshaped
fmger configuration and the degrees of freedom of the hand once the object has been
grasped. However, the author does not take into account the slippage of the object in the
grip phaseof the motion control where forces applied by the fingers to anyobject are
considered [49]. The force, dynamics, and local obstacle avoidance issues are also ig-
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nored during the manipulation phase. Using stiffness control and tension management,
Biggers, Jacobsen and Gerpheide [50] have discussed the low level control of the
UtahlMlT hand. The paper ignores the dynamic modelling effects, and adaptation totime
varying conditions when different objects are grasped.

Shape recovery is an important task for self teaching robots and for exploratory
operations in unknown environments. The concept of virtual fingers is used as the or

ganizing principle for the theory of prehension in general, and a grasp taxonomy in par
ticular by Iberall [51]. Potential theory [52] has been used to specify preshaping con

figurations of the hand in which tagged potentials allow limbs to react differentially to

fields. An algorithm which directs a position controlled robot around an unknown planar
contour using the steady state contact force information has been described by Ahmad
and Lee [53].

It has been suggested that vision can be used to guide active tactile systems [54].
Constraints and some strategies for active touch exploration have been proposed by
Roberts [55]. Jacobsen [23] et al. have discussed the general issues and trade-offs

governing the design of extended tactile sensing systems with special emphasis on prac
tical necessities such as simplicity, reliability and economy. Tactile perception with an

active exploratory fmger has been discussed by Dario et al [56] [57]. Based on an hierar
chical control architecture, a high level planner supervises the execution of tactile primi
tives based on the shape, texture, and temperature. The dynamic selection of sensors for

interrogation, and subsequent information retrieval and integration are described by
Jacobsen et al [58]. Some of the key issues discussed are selection of sensor density,
location, resolution and their utility during grasping and manipulation.

Using principles from human haptics, Allen [59] has built an intelligent robotic sys
tem that can perform shape recognition from touch sensing. He has found a number of

mappings between exploratory procedures and shape modelling primitives and presents
results from experiments with the Utah-MIT dextrous hand system. A vision algorithm to

complement active touch sensing is also described. Paul, Durrant-Whyte and Mintz

[60] have proposed a distributed network of intelligent agents for sensing, action and

reasoning as part of a robust robot control system. These agents are linked by a black
board architecture and are used to integrate uncertain and partial observations from vi
sion, range, touch, force and motion sensors. A fully decentralized architecture for.multi
sensor data fusion has been developed and implemented by Durrant-Whyte et al. [61]. A
current survey of the state of the art in multi-sensor fusion has been presented by Hackett
and Shah [62].

A quantitative approach to the integration and propagation of disparate sensor ob
servations is discussed by Durrant-Whyte [63]. Using partial and uncertain geometric
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sensor observations, robust and consistent estimates of the state of the environment are
derived. A Bayes procedure compares the disparate observations of the geometric fea

tures, rejects spurious measurements, and provides updated information about object
location to a world model. Smith and Cheeseman [64] also describe a Bayesian represen
tation of spatial uncertainty. By modelling tasks as geometric goals in configuration
space, Brost [65] discusses motion planning in the presence of uncertainty. Uncertainties
in sensing, control and geometric model of the robot are also discussed by Donald

[66] who has derived a method for error detection and recovery.

Development of a mathematical model for a photoelastic touch sensor based on con

tinuum mechanics and stress analysis techniques is reported by Cameron et al [67]. A

light weight end-effector for a commercial robot manipulator based on impedance control
has been designed and built by Kazerooni [68]. The device, which is a planar five-bar
linkage driven by two direct-drive brushless DC motors, consists of a two-dimensional

piezo-electric force cell on the endpoint of the device. Two 12-bit encoders and two

tachometers on the motors form the measurement system which has a 15 Hz bandwidth

impedance control. The bandwidth is determined by the high structural stiffness and light
weight of the material used in the system. Recently, Kazerooni (op cit.) has analyzed the

dynamics and control of robotic systems worn by humans. These "Extenders", which are

a class of robotic manipulators worn by humans to increase mechanical strength, act as a

robotic system controlled by the wearer.

Based on the kinematics of contact, Montana [69] has derived a set of equations
called contact equations to determine the curvature form of an unknown object at a point
of contact. He employs these equations to follow the surface of an unknown object using
an end-effector with tactile sensing capability. The paper also explores two specific ap
plications, namely, rolling a sphere between two arbitrarily shaped fingers, and, fine grip
adjustment, having two fmgers that grasp an unknown object locally optimize their grip
for maximum stability. A computationally efficient method of calculating the fmger
forces in the case of point contacts with friction without using Jacobians has been derived

by Hollerbach, Narasimhan and Wood [70]. A tactile array sensor for object identifica
tion using complex moments has been proposed by Luo and Loh [71]. Some complex
moment invariants have been derived and implemented to eliminate the effects of lateral

displacement and rotation from tactile images.

Intelligent control ofmulti-fingered robot hands implemented by integrating percep
tion and action has been attempted by Stephanou and Erkmen [49]. In their work, a clas
sification algorithm based on Fuzzy Set theory determines the most appropriate grasp,
given an incompletely specified descriptions of an object and a manipulation task. This

algorithm generates a "grasp" situation by recognizing two components: the graspable
points of 3-D objects in the manipulation environment, and the grasp characteristics of
the given task. The algorithm has been illustrated with an example.
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Sensing of small accelerations of the outer skin covering of the fmgers of a

manipulator has been proposed by Howe and Cutkosky [72]. Using test results, the
ability of the scheme to detect the onset df slip has been verified. The use of tactile sen

sors to enhance the flexibility and robustness of robotic manipulation has been described

by Howe et al. [73]. They have obtained information about the changing contact con

ditions of a two-fingered gripper using dynamic tactile sensors.

A system for extracting feature information in different application contexts has
been described by Falcidieno and Giannini [74]. This procedure consists of two steps;
the first step starts from the boundary of an object and identifies pre-defined generic
shape features by considering only geomeitric and topological aspects. These features are

classified in the second step according to 1lheir functional meaning in the application con

text. Other interesting. results reported include model-based recognition of planar
polygons [75] and polyhedra [76] from l sparse data, and determination of contact

geometry from force measurements [77] .. :An algorithm for the recognition and localiza
tion of 3 dimensional polyhedral objects, based on an optical proximity sensor system
capable of measuring the depth and local area of an object surface has been proposed by
Lee andHahn [78].

Erdmann [79] has proposed that randomization can be used as a useful primitive in
the solution of robot tasks. According to the author, randomization can increase the class
of solvable tasks, can reduce a strategy's knowledge requirements and simplify the plan
ning and execution process. Planning ofmulti-fingered dextrous grasps to meet physical
constraints of some anticipated actions has been proposed by Nguyen and Stephanou
[80] using an hierarchy of topological and geometrical spaces. The algorithm has been
illustrated by a pinch grasp example using a stick model of a four fingered hand.

For implementing real time robotic l systems, a programming environment called
"CHIMERA II" has been developed at Carnegie Mellon University [81]. This supports

. flexible hardware configurations which are based on one or more VME-backplanes. This
provides a real time kernel which supports deadline and highest-priority-first scheduling.
Grasping of a moving target to adaptively leontrol a robot manipulator has been proposed
by Houshangi [82]. An auto-regressive discrete-time model has been used to predict the
future position of an end-effector; its relation to the currentend-effector position is used
to determine the desired trajectory. On-line changes to the target are also accommodated

by the planner.

The use of kinematic redundancy in reducing impact and contact effects in

manipulators has been studied by Walker [83]. He has shown how manipulator redun
dancy may be used to configure mechanisms so as to reduce resulting impulsive contact

forces at the instant of contact. The investigation of the stability and control of robotic
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manipulators during the execution of tasks that require a manipulator to make a transition
from non-contact motion to contact motion, or vice versa, has been reported by Mills
[84]. Experiments in automatic collision avoidance for robots using acceleration-based
reflex control for industrial manipulators have been conducted by Newman and Branicky
[85] and the results have been used for designing higher levels of hierarchical controls.

A Bayesian framework has been applied to a grasping task by Goldberg and Mason
[86] to obtain a method of autonomous manipulation in the presence of state uncer

tainties. In situations where the manipulation tasks are relatively simple, a knowledge
based robotic grasping technique, which uses computer vision and a limited amount of
heuristics, has been proposed byStansfield [87]. In this article,the implementation ofa
two-stage grasping process, in which the first stage orients the hand and the wrist and
reaches the object while the second stage performs hand preshaping and adjustments,
using an expert system, has been described by the author.

A learning system implemented in a real-world robot for sensing objects and select

ing appropriate grasping procedures in a cost effective way has been proposed by Tan

[88]. A scheme for searching for a contact point between a multi-fingered hand and an

unknown object has been described by Kaneko and Tanie [89]. The scheme consists of
two phases, the approach phase and the detection phase. In the approach phase, each
finger is widely opened and approaches an object until a part of a finger link contacts the
object. In the detection phase, each finger posture is changed even allowing slip, while
maintaining contact between the object and the finger. Using two selected postures
during the detection phase, an intersection point is obtained as the approximate contact

point. Automatic grasping using a combination of partial geometric models and vision
data has been proposed by Laugier and Troccaz [90]. In their work, the robot motions
and sensing operations are combined to acquire information to guide grasping move

ments.

A grasp quality has been defined by Park and Starr [91] using two indices - uncer

tainty grasp index and task compatibility grasp index. The uncertainty grasp index

represents the effect of grasp position error on stable grasp while the task compatibility
grasp index represents how well the identified grasp can perform the task. Formulation
of an optimization problem to compute the grasp index and its solution procedure has
also been described by Park and Starr (op cit.).
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2.6. Summary of the State-of-the-art

In spite of the progress in various areas of dextrous manipulation, little has been

reported on substantially universal methods which show how machine manipulation can

productively utilize tactile information in an industrial environment. Development of en
hanced grasping skills for robots needs further research into all the topics in dextrous

manipulation currently being investigated. The development of a sensory gripper which
uses optical tactile sensors for three-dimensional object recognition, orientation control
and manipulation has been recently reported by Mehdian and Rahnejat [120]. The ab
sence of a single rigorous tactile sensing theory to explicitly specify important system
parameters such as sensor density, resolution, location, and bandwidth is perhaps the
reason why robotic touch has been implemented in its most rudimentary forms and only a

few substantial tactile systems are commercially available. The main obstacle in this area

seems to be that of understanding the relationship between mechanical, sensing, and con
trol aspects of the manipulator. The real time operation of the manipulator essentially
depends on how the above aspects interact with the environment.

2.7. Concluding Remarks

This chapter has outlined the basic principles of tactile sensing and reviewed its his-
. tory and evolution over the last two decades. A framework for understanding the human

grasping mechanism, based on Johansson and Westling's experiments with human sub

jects, was provided and important aspects of these techniques applicable for robotic

grasping were indicated. A comprehensive survey of research work carried out in the
areas of dextrous manipulation, grasping and tactile sensing has been conducted to deter
mine possible future directions for investigation. The research problems which are yet to
be solved have also been briefly stated.

The next chapter will describe the design and specifications of the major hardware
components used to build a laboratory prototype gripper system.



3. HARDWARE SPECIFICATIONS AND DESIGN
OF THE PROTOTYPE GRIPPER SYSTEM

3.1. Introduction

Commercially available tactile sensing devices have not been advanced past the
rudimentary sensing options provided by manipulator manufacturers. In order to build a

prototype gripper system to facilitate acquisition of dynamic forces during a task, a tactile
sensing system was first designed and built. This was interfaced to a high speed data

acquisition system which provided digitized values of dynamic forces. The tactile sensors

were mounted onto the gripper fingers of a robot which performed various tasks. This

chapter will discuss the hardware design and characteristics of the tactile sensing system,
the data acquisition unit and important specifications of the robot and its gripping
mechanism used in the prototype. Selection of test samples for the study will be dis
cussed in Chapter 7.

3.2. The Tactile Sensing System

The hardware design and fabrication of the tactile sensing system consisted of a

study of criteria for the design of subsystems, the selection of components, the design of
subsystems, and the integration of the subsystems to form the complete system.

The detailed design and construction of three subsystems, namely, the tactile sensor

array, the energizing unit and the data acquisition system are discussed in the following
sections.

3.2.1. Design specifications

The main design specifications for the tactile sensing system of the prototype grip
ping mechanism were based on the type of force data to be acquired. Some features of a

five-fingered tactile sensing system, which was developed earlier [17], and summarized
below, were used to formulate some of these specifications. Salient features of the five
fingered system were:

1. Each finger was equipped with a tactile array of 8 x 2 sensing sites, with
each site measuring 5 mm x 5 mm.

21
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2. Each of the five fingers had the same size and the same number of sensors,
making a total of 80 sensors distributed equally among the five fingers.

3. The sensors were mounted on a finger pad made of a custom made printed
circuit board having interlinking conducting patterns.

4. Each finger pad was mounted on the surface of a mechanical finger.
5. The sensing elements were held in position with tape preventing any sliding
motion due to applied forces.

6. The system could interface easily with standard peripherals such as a

keyboard and video terminal for performance monitoring and control.
This basic system had to be modified substantially in order to use it with a robot

equipped with a two-fingered parallel-jaw gripping mechanism. The modified design and

construction methods have been described in the following sections.

3.2.1.1. Basic considerations

An important consideration in the design of a tactile sensor is the mode of operation.
Tactile sensors can obtain information by measuring either force or displacement. Force

sensors can be used to monitor forces at a location on the finger which occur due to

gripping pressures exerted by the grippers as they grasp an object while displacement
sensors can be used to study surface relief properties, such as texture. The desired ap

plication often dictates the type of tactile sensor to be employed. It is also possible to use

the same sensor system to measure force as well as displacement by mounting the sensor

on a spring or other compliant material.

The second consideration is the data handling and output systems. High resolution
tactile sensors can require a large number of connecting leads to attach the active tactile

elements to processing electronics. This causes problems in the geometric layout of the
sensor, due to the physical difficulty in connecting leads to the closely spaced sensors. In

addition, for remote operation, the entire bundle of leads must be routed through the end

effector, taking up considerable space. For this reason, on-site data multiplexing and

limited processing is desirable; a small data acquisition system consisting of mul

tiplexers, amplifiers and analog to digital converters could considerably reduce the num

ber of connecting leads back to the controller.

The third important aspect is the mechanical flexibility of the sensor. In some ap

plications, it will be desirable to mount tactile sensors on an irregular surface such as an

anthropomorphic end-effector. The use of a compact, lightweight, and flexible sensor for
these applications would be ideal. Other important design considerations for a tactile
sensor are its sensitivity, hysteresis, crosstalk, resolution and repeatability. Testing
procedures must be designed to evaluate a tactile sensor's performance in each of these
areas.
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3.2.2. Sensor material

The material from which the sensor is constructed is of paramount importance. This
is the interface between the real world and the robot gripper, and must be mechanically
tough, yet compliant and flexible. The material must also convert forces and defor

mations into monotonically varying electrical signals for processing and analysis. The
fundamental properties of electrical resistance, capacitance, inductance, or light propaga
tion are generally considered with material properties such as piezoelectricity sometimes

being employed. Capacitive techniques are quite sensitive to electrical noise and stray
capacitance effects and inductive techniques use bulky hardware which are difficult to

implement. A resistive technique offers several advantages, and is the method chosen for
this project.

Piezoresistivity is the phenomenon in which minute displacement or strain of a sen

sor induces changes in the condition of conducting particles suspended in a compliant
medium and gives rise to changes in the electrical contact resistance. Rubber is com

monly chosen as the compliant medium, and it naturally provides a restoring force after
deformation. The category of piezoresistive tactile sensors is quite broad and includes a

multitude of different device types and approaches. These range from simple strain

gauges and solid state silicon devices to conductive elastomers and foams. These devices

are all included in this category because they rely on materials whose electrical conduc

tivity varies with applied pressure.

The use of conductive elastomers [121] as the basis for a tactile sensor has been

studied for some time. A conductive elastomer is an elastic rubber-like material that has
variable electrical conductivity properties. Many different conductive elastomer and foam
materials have been examined, and most of the sensor designs based on these materials
use an approach similar to that used by John Purbick ofMIT [92]. Most of the piezoresis
tive tactile sensors developed so far suffer from one or more of the problems of hys
teresis, nonlinearity, sensitivity and fragility as discussed in Reference [17].

One of the few commercially available sensor materials, and the one chosen for the
sensors in this project was a thick polymer film component marketed by MIS Interlink

Electronics, U.S.A. Sold under the trade name of Force Sensing Resistor, abbreviated as

FSR, it is a patented, newly developed type of thick polymer film component which has

the property that the resistivity of the film decreases as increasing force is applied to it.

Being a proprietary component, detailed information about its chemical composition and
method of manufacture are not available. However, a brief summary of its operating
modes, principal characteristics, and method of application are described here.
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3.2.2.1. Force Sensing Resistor

The Force Sensing Resistor consists of a "sandwich" formed with electrically con

ductive polymer layers. The sensitivity and resistivity of the component depend upon the

polymer formulation. The component is formed by silk screening polymer material onto
Mylar sheets. The components may be formed into almost any shape and size.

There are two possible arrangements in which an FSR may be used, namely, the
shunt mode and the through-conduction mode. The choice of mode for a particular ap
plication depends primarily upon economics and convenience. In the shunt mode, the
sandwich is formed from a Mylar sheet, with a printed area of FSR polymer as shown in
Figure 3.1. The FSR surface is laid in contact with a second surface containing a pair of
interlinking conductive "fmgers". When a force is directed perpendicular to the FSR area,

a conducting circuit is formed between the fmgers. The circuit resistance decreases as the
force increases due to the greater contact area between the compressible polymer and the
conducting fingers.

Force

� FSRpolymer

Mylar
sheet

,

Figure 3.1: A shunt-mode style FSR [from FSR User's Manual [93], Fig.1] •

In the through-conduction mode, two similar Mylar sheets are prepared. Each sheet
consists of an area of FSR polymer printed over a conductive pad. The two sheets are
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sandwiched together, with the two FSR polymer areas in contact as shown in Figure 3.2.
A force perpendicular to the polymer areas lowers the resistance value between the two

conductive pads.

Force

FSRPolymer
Mylar sheet

Conductive pad
behind FSR Polymer

_---- Connector to
conductor pad

_-- Conductive pad
behind FSR polymer

FSRPolymer
area

--- Mylar sheet

Connector to
conductor pad

Figure 3.2: A through-conduction style FSR [from FSR User's Manual [93], Fig.2] .

For tactile sensing applications, it has been found [17] that the shunt mode is better
than the through-mode. This conclusion has been confirmed by researchers at Sandia
Laboratories [94].
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3.2.3. Typical characteristics of an FSR element

Depending upon formulation, the operating resistance of FSRs can range from about

10 Megohms to a few hundred ohms. There are three useful working ranges as shown in

Figure 3.3. They are the switch range, the linear Log/Log range, and the linear range.
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Figure 3.3: Resistance versus force for an FSR [from FSR User's Manual [93],
Fig.3]

Considering a unit area of the sensor, if the applied force is between 0 to 0.3 N then
the FSR will operate in its switch range. In this range the FSR exhibits very large changes
in resistance and can be readily used for switching applications. In an unloaded condition,
the resistance value is very high (between 10 to 100 Megohm), and a slight amount of
loading (less than 0.3 N) will cause an abrupt resistance change of about a factor of one
hundred.

If the FSR is loaded with a force value exceeding 0.3 N, but less than 80 N, the

component responds in the linearLog/Log range. In this region, the FSR characteristics
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are more stable and predictable. Therefore, this is the region chosen for most applica
tions. If this region is re-plotted with a log/log axis, then the variation of resistance with
load is approximately a straight line as shown in Figure 3.4. At still higher loads, the
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Figure 3.4: Force versus resistance on a log-log plot [from FSR User's
Manual [93], Fig.4]

change of resistivity with applied load becomes small and approximately linear. For a

typical FSR, this range starts above a load value of 80 N. The maximum useful load that

can be measured with FSR is about 4550 N [93].

3.2.4. Design of finger pad

An FSR sample kit consisting of four sheets of silk screened FSR components in

different shapes and sizes was procured from Interlink Inc. To effectively sense the vari
able contact forces as accurately as possible, experiments were done with various con

ducting patterns. Finally, an interleaved conducting pattern with approximately equal
conducting areas for the sensor signal line and the ground line as shown in Figure 3.5 was

designed and used for the sensor.



29

The main hardware features of the finger pad are listed below:
1. The overall dimensions of the sensor array of each fmger pad is
50 mm x 15 mm.

2. Each sensing site consists of an interleaved pattern of a 5 mm x 5 mm

square area with the pattern providing nearly equal area of conducting path
for the sensor signal and ground lines.

-

3. Four of the sensing sites are grouped together in a 2 by 2 array and any two
such adjacent areas are separated by 1 mm.

4. Adequate space is provided at the comers of the pad to enable mounting of
a compliant pad over each sensing site. The signal and ground lines are

brought out via the back side of the board using standard double sided PCB
technology.

5. The FSR elements are cut to dimensions of 5 mm x 5 mm, and positioned
accurately over the conductor patterns to minimise interference from ad
jacent channels.

6. The FSR sensor elements are laid in position over the conducting pattern
and a compliant rubber cut in a square shape fitting exactly on top of each
sensor element is laid over the sensors. The gripping forces are transmitted
to the sensors through this rubber material.

3.2.5. Energizing circuit for sensors

3.2.S.1. Design criteria

In order to ascertain the range in which the FSR is to be operated for this applica
tion, some preliminary laboratory tests were conducted. A constant current source was

connected across an FSR element and the voltage variations across the element were
measured. The voltage across the FSR was found to vary significantly and was predict
able and stable with low hysteresis. When the value of the constant current was changed,
the location of the voltage versus load curve changed as predicted by the manufacturer

[93]. Figure 3.6 depicts the data representing the voltage drop across the FSR plotted
against the load applied to the component, with the constant current as the parameter.
The principal effect of varying the constant current was to expand and contract the scales
in the working area as is evident from Figure 3.6. The geometry of the printed area, and
the FSR polymer chemical composition also contributed to the determination of working
ranges.
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Figure 3.5: Prototype sensor array pattern.
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Figure 3.6: Voltage drop versus force for various currents [from FSR User's
Manual [93], Fig.6]

3.2.5.2. Design ofmultiple output current source

The FSR component was activated by a stable, low noise constant current source in
order to obtain monotonic responses. A low-noise JFET input operational amplifier (Na
tional Semiconductor current-differencing Quad amplifier, LM 3900) device was chosen.
In this device, instead of using a standard differential amplifier at the input, the non

inverting input function has been achieved by making use of a "current mirror" to "mir
ror" the non-inverting input current about ground and then to extract this current from
that which is entering the inverting input terminal. Since this amplifier differences input
currents rather than voltages, it is referred to as a "Norton Amplifier" configuration.

The amplifiers of the LM3900 device were used in a feedback loop to regulate cur

rent in external PNP transistors to provide current sources. A single amplifier from the

quad device was used to design a circuit to energize eight FSR elements of the tactile

sensing system.
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3.2.6. Implementation ofmultiple output constant current sources

The circuit diagram of an eight output constant current source is shown in Figure
3.7. The resistive divider network of R3 and R4 was used to establish a reference voltage

v

R5

R3

0.910 K

R4

13K

R71

lK

FSR
element

SR

Figure 3.7: Circuit diagram of an eight-output constant current source for energiz-
ing the tactile sensing elements.

across R3. When negative feedback was employed as shown in Figure 3.7, the same ref
erence voltage appeared as the voltage drop across R11. This was used to control the
emitter current of transistor Q1. The current diverted into the (-) terminal of the amplifier
via the resistor R5 and the base currents of the transistors were made negligible to ensure

that the collector currents from the transistors were nearly equal to the respective emitter
currents. Typically, if aiM resistor was used for R5, the current into the (-) terminal was
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about 13.52 �A, and for transistors with typical � of 100, the base currents drawn were

about 1 % of the collector current.

The currents in the other eight sections are governed by the resistance ratios given
below:

VREF
II = Rll

' (3.1)

and

Rll
� =--xIIRI·

1

for 2 SiS 8 (3.2)

The design of the multiple output source consisted of determining the value of the resis
tors to satisfy the stated design criteria. The circuit was designed to deliver a constant

current of 600 � to each of the eight sensing sites. The circuit diagram shown in Figure
3.7 depicts the component values for the design. The series resistors, R71 to R78, were
connected to prevent shorting of the respective collectors due to faulty FSR elements.

3.2.6.1. Tests for crosstalk and performance evaluation

The multiple output current source circuit was connected to the eight sensing sites
of the finger pad and tested to determine crosstalk and any variations in the constant cur

rent outputs when forces were applied to thesensors.

A no load test was first performed in which the output voltages from all of the eight
sensor output terminals were measured without any load on the sensors. The readings are

shown in Table 3.1. Subsequently, a second test was conducted to ascertain the amount

of crosstalk. In this test, various values of force were applied to each of the sensors, suc

cessively from sensor #1 to sensor #8, and the voltage readings at the remaining seven

unloaded sensors were recorded for each set of forces. Table 3.2 presents a summary of

these readings giving average measured values for all non-loaded sensors. By comparing
the two tables, 3.1 and 3.2, it is evident that there is no significant cross talk between
channels due to the sensor construction. The error in the value of constant current was
evaluated by measuring the voltage across the 1 K resistor under no load conditions and

using the relation

_

theoretical value - measured value
100 01.error -

.. X -10.
theoretical value

(3.3)

The error was determined for each of the eight sources and tabulated in Table 3.3. The
maximum value of error, observed in the source supplying sensor #8, was 1.667%.



33

Table 3.1: No load sensor outputs when all the eight sensors are simultaneously
energized.

Sensor number Output voltage, V
1 9.27
2 9.23
3 9.25
4 9.22
5 9.26
6 9.23
7 9.29
8 9.24

Table 3.2: Summary of voltage readings for cross-talk test •

Loaded Sensor 1 Sensor 2 Sensor 3 Sensor 4 Sensor 5 Sensor 6 Sensor 7 Sensor 8
sensor output.V output.V output.V output.V output.V output,V output.V output.V

1 -- 9.28 9.29 9.27 9.30 9.28 9.32 9.28
2 9.27 -- 9.25 9.22 9.26 9.23 9.29 9.24
3 9.27 9.23 -- 9.22 9.26 9.23 9.29 9.24
4 9.27 9.23 9.25 -- 9.26 9.23 9.29 9.24
5 9.27 9.22 9.25 9.22 -- 9.23 9.29 9.24
6 9.27 9.22 9.25 9.22 9.26 -- 9.29 9.24
7 9.27 9.22 9.25 9.22 9.26 9.23 -- 9.24
8 9.26 9.20 9.23 9.20 9.26 9.22 9.29 --
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Table 3.3: Constant current values from each source and errors

Sensor source Volt. across resisitor , Constant current, �A Error in %
V

1 0.602 602 0.333
2 0.599 599 0.167
3 0.599 599 0.167
4 0.602 602 0.333
5 0.603 603 0.500
6 0.606 606 1.000
7 0.605 605 0.833
8 0.610 610 1.667

3.3. Data Acquisition System [DAS]

It was decided to analyze digital representation of the data, so analog data had to be

acquired and converted to digital form for the purposes of storage, transmission, process
ing and display. The primary device for achieving this task is the analog to digital con
verter (A to D). To accommodate the FSR output voltage which appears as the input to
the DAS so that it would be compatible to a specified conversion relationship, signal
conditioning consisting of scaling and offsetting was performed.

The properties of a data acquisition system to be chosen to acquire dynamic force
data depends on the form in which the measured sensor data is available, and on the

processing to which the data will be subjected. Some of the presently available data

acquisition systems include devices to perform functions such as multiplexing, signal
conditioning, sampling, analog to digital conversion, and data storage. However, the
choice ofDAS hardware was made by considering the task and the environment in which
the prototype system was to operate. For robotic systems to be operated in hostile en

vironments it will be necessary to select the DAS which have electronic devices capable
of operation over a wide temperature range. The DAS should be well shielded, and care

fully designed for eliminating common-mode errors while preserving resolution, conver
sion, and suitable for digital data transmission. In the case of the laboratory prototype
DAS, with narrower temperature variations and fewer sources of ambient electrical inter

ference, it was possible to consider readily available data acquisition systems. These
could provide a low cost circuit configuration with the desired overall performance for
the system.
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In order to investigate the possibility of building a tactile sensing system in which a

dedicated micro computer may be used to acquire and store dynamic forces, a commer
cial data acquisition system, ARIEL DSP-I61, was installed in an ffiM-XT personal com
puter and the real time forces were acquired. It was found that data sy.nchronization
problems introduced excessive noise, as is evident from the raw data plot shown in

Figure A.2, Appendix A. This plot was obtained from one of the eight sensors which

measured the forces during a grasping task performed on a sample object. To reduce

noise, it was necessary to modify the DAS hardware to ensure accurate clock

synchronization. The results of this case study is summarized in Section A.I, Appendix
A. An alternative data acquisition facility, the VAXlab-based real time data acquisition
system installed in aMicroVAX 36002mini computer, was used in the project.

3.4. Tactile Data Acquisition System Using VAXlab Real Time Data
Acquisition Facility

The real time data acquisition facility consisted of a hardware device, the "ADQ32"
[95], and a set of library routines, the ltVAXlab Laboratory I/O Software" running on the

VMS operating system, which was used to initiate and control the acquisition of data.
The VAXlab Laboratory I/O (LID) routines were used as program modules and linked to

application programs, coded in the Fortran-77 programming language.

The "ADQ32" device had a high-speed AID converter with an onboard clock, 32
single-ended channels, double buffered DMA, random channel-select, programmable
gain, differential capability, and high speed sampling (up to 200 KHz) capability. The
device contained five on-board counters. The LID used combinations of the five counters

to merge them into two clocks, a primary clock and a sweep clock, for actual use. The
device supported a mixture of single-ended and differential channels, and could be set up
with different gains on each channel.

The two basic triggering modes provided for ADQ32 were: all points triggered by
. the same source, and channel sweeps triggered by one source and points within each
channel sweep triggered by a second source. Using these modes, flexible triggering
scheme could be designed to allow the AID channels to be scanned in any order.

Using ADQ32 device, the data input could be performed either synchronously or

asynchronously using the LID routines. Synchronous I/O enabled a user program to

transfer data to or from a device with one routine call. The routine call stopped program

�DSP-16 is a registered product of ARIEI:- Data Systems Inc.

2VAXlab andMicroVAX 3600 are registered products of Digital Equipment Corporation Inc.
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execution until I/O operation was complete. The device does not continue to transfer data
while the program is preparing for the next I/O operation. An asynchronous I/O enables
a user program to queue several values or arrays of data to be transferred while continu

ing execution of the program.

There were eight LIO routines used to develop the application program for data ac

quisition. They were grouped into four pairs:
1. ATTACH/DETACH, which logically connected or disconnected a device,
2. SET/SHOW, which set or returned the status of various device characteris
tics such as channel lists, triggering modes, clock rate, gains, and
synchronous or asynchronous transfers,

3. READ/WRITE, which transferred data to or from a device, using
synchronous I/O, and

4. ENQUEUE/DEQUEUE, which put data buffers on a queue and removed
them from the queue when data transfer was complete.

3.4.1. Implementation

The apparatus, which was used to acquire data from the tactile sensors is shown in
the form of a block diagram in Figure 3.8.

Constant
current
source

Clock mode
sampling

1

Array

System
..

output

8

FSR: Force sensing resistor

Figure 3.8: Block diagram of data acquisition system used for acquiring tactile data.

Outputs from the eight sensors were hardwired to eight input channels of the

ADQ32 device. An application program was written in Fortran-77 language to set up and
control the ADQ32 device. A flow chart of this program is shown in Figure 3.9.
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Save data in me

Figure 3.9: Flow chart of the Data acquisition program •
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The program was initialized by including the symbolic definition files required by
the VAXlab software, and by declaring the data types and variables. The ADQ32 device
was attached by assigning a VMS I/O channel to the device. The UO data structures for,
and pointers to, the device were then initialized. A synchronous I/O interface was

selected for the ADQ32 device and a unity channel gain for each of the specified eight
channels was selected. The buffer size and the triggering mode were decided based on the
considerations presented in the following sections.

3.4.1.1. Trigger mode and buffer size specifications for ADQ32

A number of preliminary grasping and releasing tests were conducted to determine
the average time needed for completing the grasping or the releasing of the selected

samples. A total time of 4 s was found to be sufficient to complete the tasks in a majority
of cases. The capacity of the buffer in the Microvax 3600 computer for storing the ac

quired data using the VAXlab DAS was 64 K-bytes or 32,768 words. Therefore, to obtain
the actual data from eight channels, the maximum number of samples which could be
obtained using the system was limited to 4000. In order to obtain the 4000 samples from
each channel within a time period of 4 s, a sampling rate of 1 KHz was chosen.

An ideal method of triggering would be one which samples all the eight channels
simultaneously. However, for practical purposes, small errors in time can be tolerated, if
it . results savings in additional hardware, and is sufficient for demonstrating the tech

nique. Therefore, the trigger mode selection was restricted to those choices which were

readily available on the VAXlab data acquisition system without attaching any additional
hardware. The triggering method selected was "Burst point clock sweep", which is il
lustrated in Figure 3.10.

In this method, the ADQ32 makes each pass through the eight channels at the "burst
rate". The burst clock rate provided data acquisition at a rate controlled by the "ADQ"
state machine. This rate, which was 166 KHz, was the fastest possible rate that could be
used to guarantee precision of the acquired data to be within ± 1/2 LSB [96]. Each pass
through the specified channel was controlled at a clock rate,�. The clock rate selected
was greater than the product of the burst rate times the number of conversions per pass in
order to ensure that a clock overrun error did not occur [96]. The selected value of the

sampling rate which defined the clock rate (i.e, 1 KHz) was found to be appropriate for
the prototype gripper system. This selection of triggering mode resulted in a sampling
delay of 6 Ils between two successive channels which was small compared to the 1 ms

sampling period.

The data acquisition program was designed such that acquisition commenced after

receipt of a signal from the keyboard and, on completion, (after 4 s) the sensor data were
stored in the buffer. The ADQ32 device-was then detached from the system. Tbelast two
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Figure 3.10: Burst point clock sweep mode of sampling data [from ADQ-32
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sections of the program performed data conversion for interactive display of acquired
data in graphical form and storage of the data in designated files. To design these two

parts of the program, a performance evaluation of the data acquisition process was done
to determine the errors and nonlinearities of the VAXlab data acquisition facility. The
details of this study are described in Section 7.3.1. It was found that a linear relationship
could be used to convert the 12-bit digitized data values to their corresponding analog
voltages. Therefore, the VAXlab library routines (LSP$FORMAT_TRANSLATE_ADC)
could be directly used for format conversions. After conversion, the plotting section of.
the data acquisition program called the graphic plotting routines (LGP$PLOT) to plot the
raw data measured by the sensors. After acquiring data, the interactive section of the
program prompted the user to choose the desired channel or channels for plotting and/or
obtaining a hard copy. After this, the user could direct the program to store the data in

designated files.

Results from an experiment, which consisted of acquisition of force data using the
data acquisition program while grasping a sample object using the prototype system, are
shown in Figure 3.11. The plot shows the raw forces measured by sensor #1, in terms of
the variation of digitized sensor output as a function of task time.
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Figure 3.11: Grasping forces measured by sensor #1 using VAXlab data acquisi
tion system

3.5. The Robotic Gripper and its Actuation

To develop a task oriented procedure based on actual grasping and releasing data,
dynamic force data had to be acquired during the performance of a task. In order to per
form grasping and releasing tasks, a small commercial robot equipped with parallel jaw
grippers was selected. Manufactured by Mitsubishi Corporation, the RM101 MOVE
MASTER Micro-robot [97] has five degrees of freedom and is constructed of jointed
metal plates. The surface areas of the parallel jaws are 15 mm by 15 mm, and the open
ing grasp of the hand is 80 mm with no tactile sensors mounted on the gripper surface.
The maximum gripping force of the hand is 8 N and the maximum lifting capacity is 500

g. The maximum operating speed of the grippers is 7 cm/s and the grippers are actuated

by a stepper motor whose speed is controllable using trapezoidal voltage waveforms.
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waveforms. Other relevant specifications of the robot are given in Appendix A. Figure
3.12 shows the home position setting of the robot and Figure 3.13 shows the gripper ar
rangement.

3.5.1. Fabrication of the tactile sensing gripper

Four tactile sensors were mounted on each of the two gripping surfaces. The ex

ploded view of the sensors is shown in Figure 3.14.

The compliant material and its thickness was chosen after a study of a variety of
materials, in which their behaviour for modifying the FSR sensor signals, was inves

tigated. The overall sensor hysteresis, repeatability and the response time were the three
main factors evaluated to compare the different materials. The details have been reported
by Vaidyanathan [17]. To prevent cross talk, the dimensions of the compliant material
were made equal to those of the underlying FSR element [i.e. 5 mm by 5 mm]. In con

struction, the FSR material was cut into 5 mm by 5 mm squares that were laid on the

printed circuit board and secured using an adhesive tape. The squares of compliant rubber
material were laid individually over the FSR elements and were also secured using a

layer of tape. This arrangement was checked for its suitability by observing the no load

outputs from each of the eight sensing sites. In all cases, the corresponding value of the

analog output voltage was measured and found to be the same value as that obtained prior
to the fmal mounting of the sensors on the respective sites.

The last part of the hardware development for the prototype system consisted of

designing a motor control circuit for actuating the grippers of the robot. To obtain raw

data which could be used to test the proposed task oriented strategies, it was necessary to
independently control the beginning and the completion of a task (i.e. grasping or releas
ing objects) using a push-button switch. The stepper motor provided in the robot was

therefore controlled by an external controller circuit, designed for the experiment. The
design details are given in Section A.2, in Appendix A.

3.6. Conclusion

The hardware designed for the prototype tactile sensing system was integrated into a

robotic gripper in order to conduct the experiments. This chapter has discussed the basis

of design and selection of the various system components, and described the relevant

design steps followed to build the prototype gripper system. The first section considered
the design of the tactile sensing system consisting of the selection of the transducer and
its features, design of the tactile array, the design of energizing circuit, and construction
of the eight-element tactile system for mounting on a commercial parallel-jaw robotic
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Figure 3.12: Home position setting of RM-IOI Micro-robot [from RM-IOI
Movemaster Instruction Manual [97], Fig.3.4] •
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Figure 3.13: Typical gripper arrangement of the RM-101 robot [from RM-IOI
Movemaster Instruction Manual [97], Fig.8.2] •

gripper. The following section discussed the criteria for selecting the data acquisition
system. The VAXlab real time data acquisition system was explained and a procedure to

use it for obtaining task data was described with the help of detailed flow diagrams. The
last part dealt with the design and selection of a gripper actuator mechanism for handling
objects in order to acquire real time data.

The prototype tactile sensing and data acquisition system is a complex system with

nonlinearities. The entire system has to be modelled and periodically calibrated in order

to obtain consistent results during real time tasks. An expert system-based combined

modelling and calibration procedure was developed for this purpose and will be

described in the next chapter.



44

SENSOR CONSTRUCI10N

Z axis

PC Board

(magnified view)

<,

Figure 3.14: Exploded view of the tactile sensors which were mounted on the
gripper surface.



4. SYSTEM MODELLING AND CALIBRATION: AN
EXPERT SYSTEM-BASED APPROACH

4.1. Introduction

In the process of grasping or releasing an object, the gripper imparts time varying
forces on the object being handled, and vice versa. The viscoelastic nature of the fingers
of the gripper system causes the contact forces to vary in such a way that classical

modelling procedures become very complex and often impossible to apply. Static

models are inappropriate to use because of the time varying nature of the forces, per
manent deformations from past stresses, creep, and relaxation dynamics associated with

the tactile sensor data [98]. Modelling a system to characterize its dynamic behaviour

using standard techniques results in complex mathematical formulations and solutions

which are difficult to implement in a real time environment In order to further under

stand the tactile sensing system and its behaviour, a model was developed which would

permit various components to be studied and which could facilitate a detailed examina

tion of the effects of nonlinearities and other features of the system.

The purpose of modelling a system is to expose its internal structure and to

represent it in a form useful to engineering interpretations. Models are used extensively
to understand the behaviour of a system. A model can be formulated based on the ap

plication of the system; the level of abstraction depends on how it is used. Examples
include physical models which describe the physical properties of the system com

ponents, mathematical models which describe the input-output relationships, economic
models which predict economic trends and developments, and data models which par

tially capture the meaning of the data as related to the complete meaning of the task. The

model selected for a particular system should be such that it provides the desired infor

mation about the system to facilitate proper interpretations. Within the broad field of

modelling there are certain specialities whose aim is to highlight or isolate certain

specifics of a given system. However, such a concentration on a specific area of a system
has the risk of overlooking hidden coupled effects.

A robotic gripper system may be considered as a coupled system consisting of a
collection of interconnected subsystems. To model such a system with an emphasis on its
dynamic response, a composite modelling and calibration scheme was developed and im-

45
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plemented. The characteristics of the constituent subsystems were first evaluated. In or

der to select a suitable computer model for the complete system, three types of math

ematical formulations of the system transfer function were studied. Performance was

compared using modelling error as the criterion. The computer model finally selected for

the system was able to estimate the magnitude of a point contact force on each tactile

sensor located on the gripper surface.

This chapter outlines the characteristics of the subsystems and describes the math

ematical formulations which can be used to model them individually. The criteria used

for the selection of a computer model for the system are stated, and its design andmethod
of implementation are given. An expert system designed to assist in the modelling and

calibration of the prototype gripper system is outlined. Results of the expert system im

plementation, and the structure of the computer model developed for the eight sensors of
the prototype system are also given. A discussion of the sources ofmodelling and calibra

tion errors concludes the chapter.

4.2. System Component Characteristics

In an effort to develop individual models on a functional basis, the prototype gripper
system was divided into three blocks:

1. the energized FSR elements,

2. the elastic medium and the mechanical overlays, and

3. the data acquisition system.
The characteristics of these three subsystem were evaluated to explore the possibility of
developing a classicalmodel for the system.

4.2.1. Energized FSR elements

The energized FSR elements convert a force excitation into corresponding analog
voltage responses. When used with a non-elastic backing, the FSR material can be

modelled [94] using the mathematical relationship
R = KF-c, (4.1)

where,
R = resistance of FSR in its through conduction mode,
F = applied force in N,
c = 1.0, a constant, and
K = 19.756 X 103 Q-N for typical FSR materials.
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This relationship does not hold when FSR is used in its shunt mode. When the material is

energized using a constant current source, the behaviour is further modified and

precludes definition by a simple mathematical relationship. As the piezoresistive material
is screen printed onto the Mylar sheets, variations in the thickness of the material

deposited also result in changes in its behaviour.

4.2.2. Compliant medium and mechanical overlays

Forces are applied to the energized FSR elements through a viscoelastic medium

(i.e, the rubber pads). Therefore, the behaviour of the viscoelastic material was charac

terized. This behaviour is somewhat similar to human skin, which has been investigated
by Dinnar [99]. The strain of human tissue increases under constant stress and does not

return quickly to its original shape and dimension. This was characterized by Dinnar

using a four parameter Maxwell-Kelvin model. The applicability of this model for a tac
tile sensor which used a soft skin-like compliant medium has been investigated by Sladek
and Fearing [98] in which the model was fit to data obtained from several experiments.
The data were obtained by measuring the force applied to the finger and recording the

strain response of a tactile element directly below the force probe. The Maxwell-Kelvin
model predicted the fmger response better than a simple elastic model. A general second
order transfer function was also fIt to the data, and its inverse was used to predict the
force at the surface of the finger.

The transfer function for the Maxwell-Kelvin model and its step response have been

derived by Mase [100], a summary of which is given here. The model is shown in Figure
4.1 and has two spring elements and two dashpot elements. The springs are considered
ideal with a linear stress-strain relationship. The dashpot represents the viscous response.
The time rate of change of the strain of a dashpot is proportional to the stress applied.
The first spring in series with the dashpot represents the Maxwell type response for a

viscoelastic medium. The spring element reacts immediately to stress and the dashpot
accounts for the drifting effect. The relationship between strain, E, and stress, 0', for the

spring element is given by
(J

E =

GI'
(4.2)

and for the dashpot element it is given by
de (J

dt
=

NI'
(4.3)

where,
G I = spring or elastic constant, and
N I = dashpot or viscous constant.
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Figure 4.1: Maxwell-Kelvin model of viscoelasticity [from Fearing [33], Fig.5,
page 964] •

Figure 4.2(a) shows the step response of a Maxwell medium. The strain response
with respect to time for a step stress of 0'0 is:

0'0 0'0
£(t) =-+-t+£o,G1 Nl

(4.4)

where £0 = initial strain.

The Kelvin model in series with the Maxwell model behaves as a delay device. Its

step response exhibits an exponential increase until it reaches a maximum strain level as
shown in Figure 4.2(b). The response £(t) is given by

0'0
£(t) =

G2
(1- exp[-G2t/N2]). (4.5)

The total strain for the two models in series is the sum of the individual strains. The stress

on each section in series is the same. The state space equations for the single-input
single-output, two state system are given by:



49

10

9

8

7

6
Maxwell mbdel : ---

- Kelvin model: ....�
'-'

c 5......

�
.....

CI)

4

3

2

1

Time (s)
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where the dot denotes differentiation with respect to time and

Em = strain for the dashpot of theMaxwell part of the model,
Ek = strain for the Kelvin section of the model,
E = total strain, and
a = input stress.

Using the Laplace operator's' to designate differentiation, the transfer function relating
strain to stress is given by:

(4.8)

The third block of the prototype gripper system had the data acquisition system (DAS)
perform the digitization of the analog sensor outputs using the real time data acquisition
facility of VAXlab. A model for this system consists of a linear input output relationship
for the allowable range of inputs, namely, 0 to 10 V, equally divided into 212levels. It has
been assumed for this model that the quantization error introduced by the AID converter

is negligible.

4.2.3. The complete system hardware

The simplest model for the complete gripper system could be obtained by cascading
the transfer functions.of the three subsystems. A transfer function for the FSR behaviour
in its shunt mode of operation was not available. Therefore the first block was treated as a

black box and it was characterized mathematically by fitting cubic spline interpolants to
the experimental input-output data obtained for this block. The Maxwell-Kelvin model
could not be used for the rubber pads since the same model was not applicable at all



51

stress values [33]. Another problem with the Maxwell-Kelvin model was the presence of
a pole at the origin. This made the model simulated response unstable. The instability
was due to the fact that the model predicted that the strain will increase indefinitely as a

constant stress is applied. This was not acceptable since the material was of finite dimen

sions. Because of these considerations, the second block was also modelled using a cubic

spline interpolation function fitted to the block input-output data. The third block was

modelled with a linear function. When these three functions were cascaded, and tested

with the actual system input-output data, large errors, as high as 100 % were found to

occur between the modelled outputs and the actual measured outputs. Such a model was,

therefore, clearly inadequate. The nonlinear nature of the of the FSR material, the
mechanical overlays and the flexible rubber pad, and the effect of combining them were

considered as the likely causes for the discrepancies.

In order to develop a better model, a modelling scheme was formulated in which the

prototype system was characterized in terms of "eight sensor models. Each sensor model

defmed the relationship between the force applied at the sensor location on the gripper
and the resulting digitized sensor output as recorded and stored by the computer. Such
models were developed using the input-output behaviour measured at each sensing site.
This modelling technique is based on the system modelling principles suggested by
Ziegler [101].

4.3. Characterization of the System Behaviour

Following the method of Ziegler [101], a real system may be considered as a source

of observable data. A real system can be visualised, as in Figure 4.3, as consisting of
observable and non-observable variables.

The system input and the output are observable variables. Input variables are con

sidered to be those which perturb, influence or affect the system from the outside. Output
variables are those considered to take on values as a result of the values assumed by the

input variables. The output variables are directly observable by measurement. The

hierarchy of levels at which a system may be specified is given in Table 4.1.

Consider the following experiment. In a system, if an input segment from (X,T) is
applied which results in an output segment from (Y,T), a diagram such as that shown in

Figure 4.4 may be obtained.

In this figure, a segment roe (X,n is an input segment and p e (Y,n is an output

segment. If the output segment observed in response to an input segment is recorded over
the same observation intervals, then ro and p can be associated at the domain level. That

is, the domain of ro equals the domain of p. Such a pair (ro, p) is called the input-output
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Input
variables
(observable)

Output
variables
(observable)

Nonobservable
variables

Figure 4.3: Variables of a real system [from Ziegler [101], Fig. 1, page 28] •
Table 4.1: Hierarchy of system specifications [from Ziegler [101], Table 2, page

255].

Level Specification
0 I/O relation observation
1 I/O function observation
2 I/O system
3 Iterative specification
4 Structured system soecification
5 Network of specifications

(or I/O ) pair. A collection of such I/O pairs is called an I/O relation. An experiment
performed in a finite duration will yield a finite number of I/O pairs. This will consist of
a subset of all possible input segments, denoted by 0. Thus an I/O relation observation

(IORO) can be expressed in the form of a structure (T, X, 0, Y, R)
where,
T = time base,
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r
t t'

t t

Figure 4.4: A typical experiment to determine system
Ziegler [101], Fig. 2, page 203] •

specifications [from

x = input value set,
Y = output value set,
n = input segment set, and
R = the I/O relation,

with the constraints that
(a) n� {(X,T)}, and
(b) R en x (Y,T) ,

where,
(oxp) e R which implies
domain of «(J) = domain of(p).
Thus an 10RO summarizes what can be known about the system as a black box.

4.3.1. Mathematical modelling methods

Modelling of the gripper system consisted of determination of the parameters
characterizing the input-output relationship for each of the eight sensing sites. This non

linear relationship could be represented using a variety of mathematical approximations.
To approximate a function/(x) by another function g(x) which is a simple function such

as a polynomial or a rational function, interpolation and curve fitting techniques were

considered.
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Suppose the values of!(x) is known for each x in the set

1= {xO,xl' ... ,xn}, (4.9)

where

Xk < xk+l for k = 0,1, ... ,n-I. (4.10)

If

g(Xi) =!(xi) for i = 0,1, ... .n (4.11)
then g(x) is an exact approximation to !(x) and g(x) is said to interpolate fix). If g(xi) is
not equal to !(xi) for one or more of the data points in I, then g(x) is an inexact

approximation or curve fitted function. Curve fitted functions are useful to approximate
the trends rather than exactly mimic data points [102]. The common approximating func
tions g(x) which were considered formodelling were those involving linear combinations
of simple functions drawn from a class of functions {glx)} of the form

g(x) = a�o(x) + algl(x) + ... angn(x). (4.12)

The classes of functions most often encountered are the monomials {xi}, i = 0, 1, .... .n, the
Fourier functions (Sin kx, cos kx},k = 0, 1, .....n, and the exponentials {ebjX}, i == 0, 1, .... .n.
Linear combinations ofmonomials lead to polynomials of degree n,Pix).

For modelling the complex non-linear prototype gripper system, three curve fitting
techniques which could be implemented using the . library routines of a readily available

laboratory software package, MATLAB5 were selected. These techniques were: curve

fitting using a least error square polynomial, curve fitting using a set of cubic splines ,

and curve fitting using a sum of exponential functions. Each technique had its ad

vantages and disadvantages. The selection of a particular method for characterizing a

system had to consider factors such as the accuracy of modelling, the complexity of the
procedure and the computation time required for modelling, and ready availability of the
model parameters in a form suitable for on-line computation. The principles of the three

chosen techniques and their relative merits and demerits are described in the following
sections.

4.3.2. Approximation using least-squares polynomial

The algebraic polynomials Pix) are by far the most popular approximating func

tions because the underlying theory is well developed and simple. Polynomials are easy

to evaluate and their sums, products, and differences are also polynomials. They can be

differentiated and integrated easily. If the origin of the coordinate system is shifted, or if

SMATLAB is a registered productof TheMathworks Inc.
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the scale of the independent variable is changed. the transformed functions remain

polynomials. Most of the other functions considered as candidates for the approximating
functions must themselves be evaluated by using approximations; almost invariably,
these approximations are given in terms of polynomials or ratios of polynomials. Also,
any continuous functionf(x) can be approximated to any desired degree of accuracy on a

specified closed interval by some polynomial PnCx). This follows from Wiestrass ap

proximation theorem [103].

In the polynomial approximation, first an nth-degree polynomial was chosen as the

approximating function and then a criterion for fitting the data was applied to compute
the coefficients. Given the paired values xi,!(xi)' a reasonable criterion for determining
the coefficients ofpn(x) was to require that

Pn(xi) =!(Xi) , i = 0,1,2, ... .n. (4.13)
Since the paired values were from experimental data, it was possible to represent the
trend of the behaviour using a polynomial of a degree m where n > m. Instead of requir
ing that the approximated polynomial reproduce the given function values exactly, the
degree of the polynomial was chosen such that it satisfied a least-squares criterion. Ac
cording to this criterion, the given n+1 functional values were fitted with a polynomial
Pm(x), such that the sum of the squares of the discrepancies between the /(xi) and Pm(xi)
was a minimum. The discrepancy at the ith base point is given by

OJ =Pm(xi) - /(Xi) , (4.14)
The least squares criterion required that the ai' j:=O, 1 , ... ,m, be chosen so that the aggregate
squared error

n n

E =L 02i =L [Pm(xi) - /(xi)]2.
i=O i=O
n m

=L [La/xii) - !(Xi)]2. (4.16)
i=O j=0

was as small as possible. If m = n, then the error E was 0 and the least squares polyno-
mial was identical to the interpolating polynomial.

(4.15)

However, there is no way of ascertaining whether the approximate polynomial
generated using the above technique was the one which the Wiestrass theorem shows

must exist. This was especially so in cases where the function/(x) was known only at a

few sampled values. Therefore, two other approximating functions were considered for

characterizing the tactile sensor behaviour. These functions were chosen after a prelimi
nary observation of the trend of the sensor input-output characteristics.
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4.3.3. Curve fitting using cubic splines

In this technique, instead of interpolating a function f(x) by the same polynomial
over the whole domain of interpolation points, different interpolating polynomials were

used over different subsets of points (xJ such that the polynomials agreed at the inter

polation points, or knots. Such a piecewise interpolating polynomial function offered the

advantage of using several lower degree polynomials instead of a single higher order
polynomial. This resulted in smaller errors because of reduced oscillations occurring be

tween the knots.

In order to fit a different polynomial on each data interval [Xi' xi+l]' where Xi < xi+l'
i = O,I, .... ,n-l, the polynomials were so chosen that they were of the same degree. Cubic
polynomials were chosen such that they agreed at the knots and these cubic splines,
denoted by Sx were represented by

S(x)i = Yi for i = 1,2, ... ,n. (4.17)
The function Six) was written in the form

S(x) = Yi + ai(x - xi)+ai(x - xi)2+ ai(x - Xi)3, Xi S; X S; Xi+l' i = 1,2, ... ,n-I. (4.18)
In addition,

S(xn) =Yn· (4.19)
The 3(n-l) unknowns in Equation (4.17), {ai,bi,cJ, for i = 1,2,....,n-l, were determined as

follows: at each of the interior knots, (xl,x2' ... .xn-1J. the two cubics on either side were

made to agree and, to enforce continuity and smoothness of splines at the interior knots,
the first and second derivatives of the two splines were also made to agree. The detailed

mathematical formulation of this condition, which is known as the "not-a-Knot" con

dition, has been discussed by Deboor [104]. A primary requirement to use this curve

fitting technique is that all XiS have to be distinct. This method was also very sensitive to

the range of the data set from which the interpolants were extracted.

4.3.4. Non-linear curve-fitting using exponential functions

The third type of curve fitting function considered for characterizing the prototype
gripper system was a function consisting of n linear and n nonlinear (exponential)
parameters. The function was defmed as:

Y = c(l)exp(-lam(l)t) + c(2) exp(-lam(2)t) + ... + c(n) exp(-lam(n)t) (4.20)
in which c(i), i=I,2....n, represented the linear parameters and lam(i), i=I,2, ....n,
represented the coefficients of the non-linear parameter.

This function was selected because thenonlinear parameters could be determined by
minimizing the nonlinear function corresponding to a pre-defmed tolerance. The function
could be iteratively fitted to a data set using two subprograms provided in the MATLAB
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software library. The first subprogram, called "Nelder" uses the Nelder-Mead simplex
algorithm [105] for minimizing a non-linear function of several variables, and was in

voked using the recursive relation:

[x, ent] = nelder(F, x, tal) (4.21)
where,
x = output vector,
x = starting value of the output vector,
F = the function to be minimised,
tal = tolerance value to be reached before stopping recursion, and
cnt = the step count for convergence.
The value for tol was specified as 0.001 and the chosen function, which is given by Equa
tion (4.20), with n=4, was used in place of F. This resulted in 4 non-linear parameters,
which were represented by the vector lam. The initial guess for the vector lam was

selected to be equal to [1 000] and the four nonlinear parameters were determined using
the recursive relation given in Equation (4.22).

[lam,ent] = nelder('fitfun', lam, tal). (4.22)

The second subprogram, called "fitfun", was used to display the values of the 4

linear and 4 non-linear parameters, as well as the fitted curve, after every step of itera
tion. When the mean value of absolute error was less than the specified tolerance, then
the iteration stopped and the number of iterations was indicated by the value of the

parameter ent.

This method of curve fitting was the slowest of the three methods but could reduce

the modelling error to very low values. However, the defmition of 4 linear and 4 non

linear parameters for every tactile sensor resulted in a complex system model which was

computationally intensive compared to the other two methods.

4.4. Modelling and Calibration Procedure

For a complex system such as the prototype gripper system, the choice of a par
ticular method of curve fitting to be used at all times was found to be a difficult task.
Since the system was built using non-linear components, such as different sensors, pads
and mechanical overlays, it was necessary to develop a modelling scheme which would

provide a user with a facility to try all the three methods of curve fitting in order to obtain
the best model for a system. Such a modelling scheme could use the expertise of an

experienced person stored in a computer program. In addition, a facility to calibrate a

model to account for component ageing and other factors should be provided, if an ac

curate representation of the dynamic force data has to be obtained during the performance
of a task.
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Therefore, an expert system-based modelling scheme was designed and im

plemented in order to model the prototype gripper system. This scheme, which was im

plemented in the form of an integrated computer program, guides a user in an appropriate
selection of a model for the system. Facility to calibrate this model was also provided to

make it a single composite package. This package offers the user a facility to select the

best system model after viewing the result of fitting a selected set of pre-defined func
tions to the system input-output data set, and their associated modelling errors. Calibra
tion and remodelling facilities were also provided. After experimenting with a number of
functions of varying degrees in each of the three methods of curve fitting, a set of five

functions was selected for the modelling and calibration procedure. They were: third,
fourth, and fifth degree polynomial curve fitting, curve fitting using the cubic spline in

terpolants, and the fourth degree non-linear function with 4 linear and 4 non-linear

parameters.

The modelling and cailbration procedure consisted of the following stages:
1. collection of the system input-output data for modelling/calibration,
2. estimation of system uncertainty due to main contributors,

3. formulation of a set of five pre-selected mathematical models using the col
lected data,

4. development of a user friendly expert system for model selection, and

5. development of an integrated program, called Interface Program I, which
embeds the expert system into the modelling/calibration program.

The design" and implementation details of the various sections of the modelling and

calibration scheme are discussed in the following sections.

4.4.1. Data collection

To obtain the input-output data for modelling the tactile sensors, an experimental
apparatus was designed in the laboratory.

The apparatus consisted of a tactile sensing finger mounted horizontally on an X-Y

translation table, and a force fixture to apply normal forces to the sensing site. The fmger
was rigidly held with set screws. Each sensor consisted of an FSR transducer cut into a

5 mm by 5 mm square and placed over a metallic pattern etched on a printed circuit
board. Each finger had 16 such patterns corresponding to 16 sensing sites. A compliant
rubber pad cut to the same size as that of the FSR element, was placed on top of the
transducer. The forces could be applied on the rubber pads via a threaded lead screw

attached to a load cell. The load cell was connected to one of the four arms of a balanced
Wheatstone bridge. The sensors were energized with the multiple-output constant current
source and normal forces were applied using the force fixture. The applied forces were
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measured using a digital force indicator", and the sensor outputs were recorded with a

digital voltmeter. For every value of the applied force, the resistance at the sensor output
terminals was also recorded. The range of forces used for the tests were from 0 to 15 N
which was the allowable range of applicable forces to the gripper system.

4.4.2. Uncertainties

The model developed for the sensors should be able to account for their behaviour

while ensuring that the modelling errors are within an acceptable limit. The error limit is

generally governed by uncertainties contributed by the system components. Three main

contributors to the uncertain behaviour of the tactile sensor were identified. To determine

the uncertainties caused by these variants, a suitable uncertainty factor for each was

defined and estimated using the data from simple statistical experiments.

In order to develop a practical quantitative estimate for the system uncertainty, the
three major contributing factors considered were:

1. the uncertainty due to the varying position of the object relative to the grip
per fingers,

2. the uncertainty due to the variation of properties of the rubber pads, and

3. the uncertainty due to the variation of the characteristics of the FSR ele-
ments.

A definition for uncertainty was formulated consistent with the major requirements of the
sensing system, which were to differentiate between varying forces acting on the sensors

and to decide the current gripping status. The variation in the sensor output due to each

,
of the three factors contributing independently was treated as the corresponding uncer

tainty. These uncertainties served to estimate the robustness of the sensor output during
the performance of a task. The following sections describe the estimation procedures.

4.4.2.1. Collection of sample data

Three sets of laboratory tests were performed to obtain sample data pertaining to the

position, rubber pad, and FSR uncertainties. The test apparatus used was similar to the

one described in Section 4.4.1. The data for position uncertainty were obtained by record
ing the DAS output for a constant applied force of 5 N acting on a sensing site, and by
repositioning the force fixture to contact the sensor pad at 100 different locations selected

arbitrarily on the sensor surface. The data for rubber pad uncertainty and the FSR uncer

tainty were obtained in the following way. The force fixture was mounted so that a con
stant force of 5 N was applied to the same location on the sensing site via a threaded

4Model P-3500, manufactured by Intertechnology Inc.
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screw. The force was measured using a calibrated digital force indicator. One hundred

different samples of rubber pads and FSR elements were selected. Using the same FSR

element, the different rubber pads were inserted separately and each time the force was

applied on the sensing element at the same point. The corresponding DAS output con
stituted the sample data for rubber pad uncertainty. Finally, using one rubber pad and

different FSR elements, the above test was repeated to obtain the sample data for FSR

uncertainty. These three sets of sample data are referred to as set I data.

During each of the above three experiments, the reading of the digital force in

dicator was recorded. These three sets of data, each pertaining to the force indicator read

ing, were used to characterize the uncertainty associated with the applied force. This set

of sample data is referred to as set II data.

4.4.2.2. Statistical analysis

Comparisons between the three sets of data were made using the coefficients of

variation. This statistical measure expresses the standard deviation of a data set as a

percent of the mean of the same data set [106]. This method was used for comparison
because it was simple and the differences in units ofmeasurement or gross differences in

scale did not dominate the results of comparisons.

To determine the coefficient of variation for the sensing system considering the

three identified uncertainties, the following criteria were used:
• If the hypothesis of equal population means of the three sample sets of data
contained in set I could be validated, then, the ratio of the pooled standard
deviation and the average of the three sample mean values were used to

determine the composite coefficient of variation .

• If the population means could not be treated as equal in a statistical sense,
then the coefficient of variation was determined for each of the three in
dividual populations corresponding to the three sets of sample data of set I,
and the mean of these values was considered as the coefficient of variation.

To check the Validity of the assumption, that the same value of applied force (5 N) was
used during all �e three sample tests discussed in Section 4.4.2.1, it was necessary to

apply relevant hypothesis test procedures to test the equality of the means of the three

sets of sample data pertaining to set II. The following sections describe the analysis pro
cedure carried out to estimate the various statistical quantities using a general purpose
statistical computer package, MINITAB5, on a VAX6 8650 main frame computer.

5MINITAB is registered trademark ofMinitab, Inc.

6VAX is a registered trademark ofDigital Equipment Corporation, Inc.
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• set A - sample data for determining the position and the rubber pad uncer

tainties,
• set B - sample data for the two different batches of FSR elements encoun

tered, and

• set C - sample data for force indicator uncertainty.
The validation of the ANOYA assumptions were carried out for these sets of data. The

ANOYA table with all the relevant test parameters were generated using the MINITAB

software package and the results were interpreted as described in the following section.

4.4.2.4. Evaluation of system uncertainty

A partial MINITAB output for the one-way ANOYA model of the data in set A, set
B and set C is shown in Table 4.2. In order to determine whether the means of the

various groups are all equal, two different variances were examined, one based on dif

ferences between groups and the other based on differences within groups. The test statis

tic based upon the ratio of the two variances, determined the F values in the ANOYA

tests. The F values, obtained from the ANOYA test results pertaining to the data in set

A, set B and set C were tested against the corresponding critical values obtained from the

F-Distribution tables [106]. In each of the three cases, the null hypothesis of equality of
the population means, had to be rejected. In the case of the data in set C, the pooled
standard deviation was found to be 2.47 and the two sample means were 500.76 and

502.74. Therefore, the error in assuming that the applied force was 5 N, is 0.49 %.
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Table 4.2: ANOVA table for the data in set A, set B, and set C

Set A data
'out1' = Sample data for position uncertainty
'out2' = sample data for rubberpad uncertainty
ANALYSIS OF VARIANCE
SOURCE DF SS MS F P
FACTOR 1 5592245 5592245 39.81 0.000
ERROR 200
28093260 140466
TOTAL 201 33685504

INDIVIDUAL 95 PCT CI'S FOR MEAN
BASED ON POOLED SIDEV

LEVEL N MEAN SIDEV -----+---------+---------+---------+-
outl 101 5404.4 288.7 (----*----)
out2 101 5737.1 444.5 (---*----)

-----+---------�--------+---------+-

POOLED SIDEV = 374.8 5400 5550 5700 5850

Set B Data

'c9'= Sample data for FSR uncertainty from Batch 1
'c10'= Sample data for FSR uncertainty from Batch 2

ANALYSIS OF VARIANCE
SOURCE DF SS MS F P
FACTOR 1417660672417660672 1455.75 0.000
ERROR 99 28403418 286903
TOTAL 100446064096

INDIVIDUAL 95 PCT CI'S FOR MEAN
BASED ON POOLED SIDEV

LEVEL N MEAN SIDEV ------+---------+---------+---------+
C9 50 4316.5 572.7 (*)
C10 51 8383.8 496.7 (*)

------+---------+---------�--------+

POOLED SIDEV = 535.6 4800 6000 7200 8400

Set C data
'sg2'= sample data for force indicator readings set 1
'sg3'= sample data for force indicator readings set 2

ANALYSIS OF VARIANCE
SOURCE DF SS MS F P
FACTOR 1 109.90 109.90 18.01 0.000
ERROR 200 1220.59 6.10
TOTAL 201 1330.50
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INDIVIDUAL 95 PCT CI'S FOR MEAN BASED ON POOLED STDEV
LEVEL N MEAN STDEV ----+---------+---------+---------+--

sg2 101 500.76 2.22 (------*------)
sg3 101 502.24 2.69 (------*------)

----+---------+---------+---------+--

POOLED STDEV = 2.47 500.50 501.20 501.90 502.60

The coefficient of variation, calculated for each of the four different uncertainty fac
tors (from data set A and set B) are shown in Table 4.3. The coefficient of variation for

Table 4.3: Coefficient of Variation of the four uncertainty factors.

S1. No. Uncertainty Coefficient of variation (%)
1 position uncertainty 5.34
2 rubber pad uncertainty 7.74
3 FSR Batch A uncertainty 13.26
4 FSR Batch B uncertainty 5.91
5 Mean system uncertainty 8.06

the system uncertainty, which is taken to be the average value of the four factors, was
found to be 8.06 %. Expressed as a percentage, this value of coefficient of variation

represented the deviation which can be expected in the sensor output because of the un

certainties. Other types uncertainties which could be encountered in a practical situation
might modify the deviations, but the averaging method used was considered as the best

approximation. Other alternatives were investigated to develop a procedure which would
account for the variations in the measured force values due to other unpredictable uncer

tainties.

Considering that the system uncertainty as well as the modelling errors were both

variable quantities, a method which could determine the system modelling errors and

compare it with the estimated value of uncertainty was required for modelling and

calibrating the prototype system. The method could use inputs from a user and guide him
through the different steps of modelling using the five selected functions in order to ar

rive at a best model. The best model could be characterized as that which yields the

lowest value of modelling error, with the additional requirement that the modelling error
should be less than the estimated system uncertainty. These tasks were achieved by
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designing an expert system-based modelling and calibration scheme in which a basic
model could be updated using a knowledge base. The expert system was used to aid the

user in selecting an appropriate model based on the input output data set furnished by the
user.

4.4.3. Expert system for modelling and calibration

An expert system was designed to assist the user to model and calibrate the tactile
sensors. The results of the studies on system uncertainties were used to determine
whether a selected model was appropriate. The expert system was embedded in the ap

plication software to achieve fast operation and flexibility in processing the expert system
decisions.

4.4.3.1. Expert System Development Tools

An expert system is a computer program that uses knowledge, and reasoning tech

niques, to make decisions. An expert development tool is a program which has been pre
defined in the methods by which the knowledge will be represented in the expert system;
the knowledge itselfwill have to be incorporated. An inference engine provides the deci
sion making ability based on a pre-defined control and search procedure.

There are vast differences in the quality and sophistication of the available develop
ment tools. For the proposed application, the KES9 development tool was selected. This

program had several attractive features for this project, including the ease with which it
could be embedded in application software. Out of the three types of inference engines
supported by the KES tool, the Hypothesize and Test (HT) method of inferencing was

selected because it could arrive at a decision from incomplete knowledge. The HT in

ference engine used backward chaining to make inferences. This method, also called the

goal oriented approach, is a technique in which the value for a goal attribute is deter
mined using a typical hierarchical structure. In this technique, the primary subgoals are

determined from knowledge about the facts obtained from an end-user, or from other

knowledge sources such as external communication files, or from other related event

driven inferences. Further description of the technique is given in Section 6.3.1.2, Chap
ter 6. The pursuit of a goal generally drives an interactive session with the end-user.
Event-driven inferencing could be incorporated into the KES knowledge base using
"demons", which are a set of special constructs based on if.. then rules. The HT inference

engine reasons through an iterative procedure which consisted of hypothesis formulation
and subsequent verification through abductive reasoning until a value can be determined

9Knowledge Engineering System, KES, is a registered trademark of Software Architecture & Engineer
ing Inc.
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for the goal attribute. It determines the smallest number of causes, represented by
descriptions in the knowledge base, that explains all known manifestations of the

problem of interest The concept is described as minimal set covering [107].

4.4.3.2. Embedding the expert system

Embedding is the term used to describe the process of tightly integrating an expert
system with another application program. When embedded, a KES expert system be
comes a part of a single executable program which contains KES runtime functions, and
possibly other applications. These runtime functions provide a method of controlling the

expert system and of sending, receiving and manipulating information in a parsed
knowledge base. Parsing a knowledge base consists of checking the structure and syntax
of the knowledge base to satisfy the pre-defined logical rules of the development tool.

Embedding an expert system provides two key advantages over stand-alone sys
tems. It provides an efficient and cost-effective method of incorporating expert system
technology into conventional programs. Through embedding, a pre-written, tested and
documented decision making component can be added to any application. Embedding
facilitates many flexible ways to supply and retrieve information from the expert system.
The inputs may be provided through a customized user interface, and outputs may be
directed to execute other processing software.

4.4.4. Design considerations

To design the expert system, a requirements analysis was carried out to determine
the tasks to be performed by the embedded expert. The tasks that were identified to be

performed by the expert system, are stated as follows:
1. to read the values of modelling/calibration errors calculated for the five
selected models of the prototype gripper system,

2. to seek a value for the system uncertainty from the user,

3. to determine the lowest value ofmodelling/calibration error,
4. to identify the best model based on the error criteria, and

5. to provide an English language display of the best model along with com-

ments on the suitability and complexity of the model.
To perform the above tasks, the design of the embedded expert was divided into two

parts: building and testing a knowledge base that could run as a stand alone system, and

integrating the knowledge base with the application software developed and tested

separately.
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4.4.4.1. Knowledge base development

This section gives a brief summary of the knowledge base development carried out

for the modelling and calibration expert system. Details of the procedures are given in
the KES Knowledge base author's manual [107]. The HT knowledge base had six sec

tions, each of which contained or manipulated domain knowledge. The sections and the

sequential order in which they were included were: constants, text, patterns, attributes,
externals, demons and actions.

The constants section was used to store long or frequently used phrases as string
constants or numbers in numeric expressions. The attributes represented the knowledge
about a domain. The externals were used for communicating and executing programs
outside the expert system. For actions based on events (forward. chaining) demons were
used. Finally, the actions section was used to issue the instructions that controlled the

expert system execution and conducted dialogue between the user and the expert system.

Domain knowledge consisted of facts about the domain and the relationships among
these facts. In the KES tool, an attribute represents some piece of knowledge (such as a

fact or a characteristic) about a domain. Therefore, the domain knowledge was incor

porated in the form of attributes. An attribute was assigned with a value which was either

input by the end-user or inferred by the Hypothesize and Test (Hf) procedure. Oc
casionally, the attribute values were also asserted in the actions section or obtained from
an embedded interface. The values of some attributes depended on the values of other

attributes. The range of valid values for an attribute varied with the type, and some at

tributes hadmultiple values.

The HT inference engine used an attribute knowledge source to determine the at

tribute value. When the inference engine was activated by a KES command, the program
sets the goal of finding values for the attribute named in the command. If the sought
attribute had no knowledge sources, then the inference engine requested the end-user to

input a value. If the goal attribute depended on other undetermined attributes, the in

ference engine tried to determine the values for the sub-goal attributes using the back
ward chaining process. The HT process to find a value to a goal attribute is described in

the following section.

4.4.4.2. HT Process

Given an initial set of manifestations, HT creates an hypothesis that explains the
first manifestation. Other manifestations are then considered in tum and the hypothesis is
adjusted to explain each additional manifestation. AfterHT comes up with an hypothesis
that explains the initial manifestation, it looks for manifestations that can be used to con

firm or reject its hypothesis. When all of the manifestations have been explained, HT
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evaluates • the likelihood of each hypothesis and returns a solution that contains the

hypotheses ranked according to their likelihood.

The knowledge base developed for the modelling and calibration expert system was

written in KES syntax [107] to perform the listed tasks. The complete listing of the

knowledge base is given in Section B.l, Appendix B.

4.4.5. Development of Interface Program I

Interface Program I was designed to integrate the data processing program and the

modelling/calibration expert system into a single executable program. The data process
ing program was designed to offer a set of five mathematical functions which could be

used to approximate the system input-output behaviour. Four of these five functions were

incorporated in such a way that the user could select the degree of the functions by
specifying numerical values for the arguments. The five functions defined in the data

processing program were: three least error square polynomial functions of degrees nl,
n l+l and nl+2, a cubic spline interpolation function, and a nonlinear function consisting
'of n2linear and n2 nonlinear (exponential) terms. The values for nl and n2 were made

user selectable. If the user is not sure of selecting a value, then a default value is taken by
the program for developing the model or calibrating the system. The default for nl is 3

and for n2 it is 4. The data processing program was written using the built-in functions

of the MATLAB library.

Each function which was fitted to the system input-output data set, was displayed to
the user. The user had an option to store it in designated files for re-plotting at a later

time. In case of the nonlinear curve fit, a tolerance value was chosen by the program and

the curve fitting proceeded in a number of steps until the mean squared value of error

between the fitted curve and the data was below the tolerance. The model parameters in
each case were stored in designated meso The percentage mean squared error was cal

culated using the relation

error = 100 x norm(y - yy) (4.23)
mean (y)

,

where,

y = actual output data vector,
yy = modelled/calibrated output data vector,
error = percentage error, and
norm = built-in function which determines the root mean
square error at every point using the relation
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i=n(xr Yi)2
norm (x-y) =b 1/2·

i=l (n+1)
(4.24)

The error in modelling was calculated in each case and stored separately. For calibrating
the model, the user could either select a specific model (i.e. function) to fit the input
output data set and obtain the calibration errors, or let the program try out all of the five
models and display the results from which a selection could be made. The actual data
and the modelled data were plotted in each case and displayed to the user. The calibration
errors were calculated using Equation (4.24) and stored in designated meso

The modelling/calibration expert system embedded in Interface Program I read the
values of errors and interpreted them based on the action type, input by the user (i.e.
modelling or calibration). The user was asked to provide the system uncertainty value for
which a default could be chosen if so desired. The best model for a set 'of system input
output data was chosen by the modelling/calibration expert system based on a minimum
error criterion which was displayed to the user. The flow charts shown in Figures 4.5 and
4.6 indicate the sequence of program flow in Interface Program I used to perform system
modelling and calibration for the prototype system.

4.5. Implementation Results and Discussion

4.5.1. Operating procedure

The prototype tactile sensing system was modelled using Interface Program I which
obtained the transformation parameters to be used for each of the eight sensing sites.
Each model provided the relationship between the applied force and the analog sensor

output voltage. The models were developed using a set of experimental input-output data
and calibrated using a second set of data. The grasping and releasing type.of data were

separately processed to obtain two models for each sensor, and a set of 16 input-output
functions were obtained for the eight sensors.

The sequence of operations of the interfacing software consisted of first displaying a

welcome message and the purpose of the Program. Then the user was prompted to enter

the name of the me which contained the input-output data in the form of paired row

entries for each observation. The total number of data pairs and the type of action desired,
namely, modelling or calibration, was also entered by the user on the keyboard. Explana
tions of the different values to be entered were provided by the program as a guideline.

If the user selected the modelling option, he was prompted to enter the two values,
nl and n2, to determine the degree of the three polynomials and the number of exponen-
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Figure 4.5: Flow chart of the systemmodelling scheme •
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Figure 4.6: Flow chart of the system calibration scheme.
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tial terms to be used for the nonlinear function. If the user selected the calibration option,
then he was given a choice to select one of the five models. In both cases, default values

were selected by the program if the user did not enter values. The information was then

transferred to the appropriate processing modules which fit the five functions, one after

the other. The fitted curve and the actual output were plotted on the same set of axes and

displayed to the user. The root mean square (RMS) percentage errors between the fitted

function and the actual data output were calculated in the five cases and stored separately.

Control was then passed to the embedded expert system. The expert system ob

tained the error values and requested the user to enter a value for the system uncertainty.
After a decision was reached regarding the best model to be used, it was displayed to the
user along with necessary comments. The expert system also displayed the location of the
me where the model parameters were stored as well as the percentage modelling error for
the selected model. At this stage, the user had a choice to remodel or re-calibrate the

system if necessary. The listing of a typical user session carried out with the modelling
and calibration program is given in Section B.2, Appendix B.

4.5.2. Test results and discussion

The plots of the five functions and the data to which they were fitted and displayed
by Interface Program I were used to determine the best selection. The plots showing the
actual and modelled system outputs pertaining to sensor 1 are shown in Figures 4.7 to

4.11.

These diagrams show the five selected functions fitted to the sensor 1 input-output
data for a grasping operation (increasing forces). The percentage modelling error ob

tained in each case ofmodelling is shown in Table 4.4.

The expert system displayed a recommendation which is shown in the form of a

listing of a typical user session with Interface Program I in Appendix B.2. The expert
system recommended the model 4, which is the function consisting of piecewise cubic

interpolation functions, as the best choice. However, due to the nature of this function,
the user was advised by the expert system to try other models before arriving at a final
selection. This was because cubic splines are known to behave unpredictably outside the

range of data. In such a case, therefore, the user had two options: either to re-calibrate
the model using a second set of data or to select another model. The latter is the second

best choice based on the error criterion.

Re-calibration of the sensor using a second set of data yielded calibration errors well

in excess of the system uncertainty value. The suggested alternative, namely model 2,
which was the second best choice, yielded RMS percentage errors of 2.93 % using the
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Figure 4.7: A third degree polynomial fit to the sensor 1 input-output data

first set of modelling data and 2.98% using the second set of (calibration) data. Thus, it
was concluded that model 2 ( fourth degree polynomial function) was appropriate for

sensor I grasping data.

In a similar manner, the modelling functions and the modelling errors for all other
sensors were determined. Table 4.5 gives the summary of the modelling errors obtained
for the case of two models, namely, the one which yielded the lowest RMS error and the

the one which was the second best choice in each case. It is evident that for sensors 1,6,
7, and 8, model 2 is the best selection whereas for sensors 2, 3, 4, and 5, the nonlinear

model 5 gives the lowest error. Using a nonlinear model involves applying four linear
and four nonlinear parameters to every data value and hence is computationaly more

complex than the fourth order polynomial function. Besides, application of the nonlinear

model was considered necessary only for precision jobs in which fmer variations of

dynamic forces have to be interpreted. In view of these considerations, and in order to

o

16



74

9.5

Fitted curve : --

9
Actual output: 0

8.5
-

>
'-'

...

:l
go
:l 80
...
0
"l
c::
�
CIl

7.5

7

6.5�----�----�------�----�----�------�----�----�
o 2 144 10 126 8

Force (N)

Figure 4.8: A fourth degree polynomial fit to the sensor 1 input-output data

use a relatively simple and uniform model, it was decided to use model 2, (a fourth order

polynomial function) to characterize each of the eight sensors. The model parameters for
all the eight sensors were obtained and stored in the form ofASCII files.

4.6. Conclusion

An expert system-based modelling and calibration scheme designed and im

plemented to obtain the model parameters of the prototype gripper system has been

described. An expert system, embedded in the application software, guides the user to

select the most appropriate mathematical model for the sensing system. The develop
ment of such a scheme was undertaken because of the inability of lumped parameter
models to adequately characterize the input-output behaviour of the tactile sensors for a

dynamic task. The mathematical formulations for characterizing the three major blocks of

16
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Figure 4.9: A fifth degree polynomial fit to the sensor 1 input-output data

the sensing system, namely, the FSR transducer, the mechanical overlays, and the data

acquisition system were discussed using relevant equations. The requirement for the sen

sor model was that it should enable the dynamic force data measured at the sensor out

puts to be transformed into the true values of applied forces at the sensing sites. This was

necessary to form on-line tactile images from dynamic forces as described in the next

chapter. An integrated program which embedded the expert system into a program con

taining the processing software modules was developed and implemented.

Using this scheme, models for the eight sensors of the prototype gripper system
have been obtained. The validity of such a model is restricted to the particular configura
tion of the prototype system. If there is a change in the configuration, then the procedure
suggested in this chapter could be used to remodel the system. Since the model can be

updated , the variations in system components and their nonlinear behaviour can be ac

counted for. Besides, it is possible to ensure that the modelling error is less than a prees
timated system uncertainty value.

16
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Figure 4.10: A cubic spline interpolation function fit to the sensor I input-output
data

The maximum allowable modelling error in a particular system is dictated by the

mean value of an uncertainty factor. For the prototype gripper system, this uncertainty
factor included the contributions from the major variants involved in the sensing process.
The uncertainty in the force measurement process was investigated and four major con
tributors to the uncertainty were identified. These were estimated using standard statis

tical analysis procedures applied to laboratory test data. Using these procedures, a mean
value of system uncertainty was obtained for the prototype system. The embedded expert
system used this uncertainty value to determine the suitability of the various models and
to select one of them as the best choice. The unpredictable behaviour of some of the

mathematical formulations was also considered before deciding on a specific model for
the sensors. The next chapter will discuss the technique of tactile imaging and will out

line the design and implementation steps necessary to obtain an on-line tactile image
from the prototype system.

16
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Table 4.4: Modelling errors obtained by using the five functions for characterizing
sensor 1 grasping behaviour

1 3.34
Model number RMS modellin error (%)

2 2.94

4
5 5.12

Table 4.5: A summary of modelling errors obtained for the eight sensors of the
prototype gripper system

Sensor no. Type of data Best model (out Lowest error, 'I Selectedmodel Brrerm tile
of 1, 2, 3, & 5) number selectedmodel,'I

1 zrasmnz 2 2.94 2 2.�..
1 releasing 2 2.�� 2 2.��

2 zrasnina 5 10.46 2 ILl.�
2 releasing 5 8.69 2 8JSl
3 gra_lluinlZ 5 4.76 2 7.�1

3 releasing 5 7.J.J 2 r.ss
4 grasping 5 4.57 2 6.43

4 releasing 5 5.69 2 7.72
5 grasping 5 j.jY 2 7.57
5 releasing 5 2.:lJ. 2 6.76
6 grasping 2 U.�U 2 O.YO
6 releasing 2 l.w 2 l.w

7 grasping 2 1.10 2 1.10
7 releasing 2 1.21 2 1.21
8 grasping 2 1.24 2 1.24
8 releasing 2 l.� 2 t.ss



5. TACTILE IMAGING AND INTERPRETATION OF
DYNAMIC FORCE DATA

5.1. Introduction

The dynamic contact forces between a gripper and an object obtained during the

performance of a task contain the information about the status of the task. The status of a

task in this context refers to the state of the gripper which could be either grasping,
releasing or neither grasping nor releasing an object. In order to extract the status infor

mation, the forces need to be analyzed. Earlier schemes suggested in the literature for this

purpose were based on binary tactile imaging, in which only the presence or absence of a

signal at a sensing site was determined. These approaches have not yielded all the neces

sary information about the on-line status of a task. Besides, binary imaging assumes that

all the sensors in the system possess similar characteristics.

In order to determine the on-line status of a task, a technique to obtain a tactile

image which portrays the dynamic forces in terms of graded intensities was necessary. In
this chapter, the technique which was used to obtain the tactile image from the dynamic
forces measured by the prototype gripper system while handling objects will be
described. The technique will be introduced by first defining the basic characteristics of

dynamic forces. Then the basic principles of thresholding will be established and a

method to obtain a force image will be described. The formation of a tactile image and

the criteria for its interpretation will be explained. The trade offs involved in the selection
of threshold ranges and the design of a pre-filter will also be discussed. The modifica

tions in the technique in order to make it suitable for on-line implementation will be
described using results obtained from real data.

5.2. Principles of Tactile Imaging

A tactile image is a means of representing the values of instantaneous forces
measured at the sensing sites. Three main characteristics of a dynamic force, namely, the
force gradient, the force impulse and the relative force variation, may be represented
mathematically as follows:

79
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force gradient = rate ofchange of force with time, in N/s,

(5.1)

force impulse at time t, in N-s,

(5.2)

which could be approximated as,

n

Fi"" IFaydt,
1

and relative force variation, in %,

(5.3)

(5.4)

where,

dt = duration between successive sampling instants, t1 and �
= t2 - t1,

df= change in the force between two successive instants,
=h - fl' and

(5.5)

A primary requirement to determine the above quantities from the dynamic forces is to

measure the instantaneous values of contact forces unambiguously in real time. Specifi
cally, one must select appropriate noise margins to account for the random errors arising
in the tactile sensor hardware, and in the data acquisition and processing systems. The
results of the statistical analysis carried out by Vaidyanathan [l08] to determine the ac

curacy with which dynamic forces may be measured in a practical system indicated that

the forces on gripper fingers of the prototype system may be estimated with a 95 % con

fidence level. This was interpreted to mean that the maximum accuracy with which the
three dynamic force quantities can be estimated is 95 %. Application of a simple tech

nique to estimate the force gradient, Fs: and the relative force variation,Fv' could be used
if the force variations are relatively noise free.

In a practical system, the dynamic forces are generally corrupted with noise. For

such a system, a method was formulated to determine the instantaneous forces on the
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gripper fmgers while performing a task. This method, known as the tactile imaging
scheme, was used to determine primitive values of forces from the values of forces
measured by the tactile sensors of the prototype gripper system. The design of the tactile
imaging system which considered a number of factors that affect the accuracy of the im

age, is described in the next section.

S.2.1. Forming a force image

The first step in the formation of a tactile image was to obtain force images from the
measured values of forces at each sensing site. An arbitrary force variation, plotted as a

function of time, is shown in Figure 5.1. For the case of a discrete force distribution, the

t f
2

.g df
=
-
.....

fs::
b'l 1�

e
0

5
�

o t dt t
1 2

Time ..

Figure 5.1: Characterizing a dynamic force •

force gradient was approximated using the simple relation for a derivative,

F =h-fI.
g t2 - tl

(5.6)

By dividing the time axis into n equal discrete time periods, the force gradients at succes
sive instants of time were determined by taking simple differences between the values of
successive forces.
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Knowing the total range of forces applicable for a task, it was possible to divide the
total range into a number of thresholds. The force values between two successive
thresholds were assigned a primitive value, which identified the threshold level to which
the force belonged. An array was formed consisting of the time of the task and the cor

responding primitive value of force experienced at a sensing site. This array was referred
to as the force image of the sensor at that site. Such force images were formed for all the
sensors of the tactile sensing system (i.e. eight in case of the prototype gripper system).

The main considerations in forming a force image in the manner described above
were the selection of the range between two threshold points, known as the inter
threshold range, the resolution, and the accuracy of the force images.

S.2.1.1. Selection of ranges and force thresholding

Selecting a range between two threshold points (i.e. the inter-threshold range) was
governed by an engineering trade-off between the resolution of the detected force and the

filtering of the noise in the force image. The range also affected the computational com
plexity of processing the force images. A low value of range offered higher resolution
suitable for precision jobs, but more expensive filtering procedures were necessary. Be

sides, a low value of inter-threshold range was not suitable when the dynamic forces were
acquired using a system hardware which exhibited larger uncertainties. This was because
the selected inter-threshold range always had to be higher than the system uncertainty
value.

A large value of inter-threshold range resulted in missed detection of some small
force variations which subsequently affected the task status of the gripper. These aspects
indicated that the inter-threshold range was a critical value which had to be chosen care

fully to obtain meaningful force images. For a specific gripper system, it was possible to
provide a variable inter-threshold range, which could be selected based on the type of
task to be performed. Therefore, a provision to select the inter-threshold range was in

corporated into the processing software.

Force thresholding consisted of assigning either equal or unequal partitions to the
total range of forces likely to be encountered in a task. The number of partitions assigned
depended on the range between thresholds and the total range of forces to be measured.
Por extracting information from an on-line operation, the task of assigning the primitive
values to the forces will also have to be performed on-line. This imposed restrictions on

the method of applying the thresholding technique employed in a particular tactile sens

ing system and will be discussed in detail in a later section (Section 5.2.4.1).
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5.2.1.2. Accuracy and related issues

The accuracy of a tactile image is a measure of the ability of the primitive values to

exhibit the true characteristics of the forces from which they have been derived. Error in
a force image can arise due to thresholding, imaging, and other operations performed on
the dynamic force data. The error due to the thresholding operation could be defined

mathematically, whereas the error due to imaging and other operations were analyzed
qualitatively.
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Figure S.2: Equal range thresholding of dynamic force.

Figure 5.2 shows equal thresholds applied to a typical dynamic force variation as a

function of time. With reference to this figure, the maximum percentage error at the m-th
threshold level in a force image was defined as :

IFAvm-Fml
Fle".m = .

F
.

x 100.
Avm

(5.7)

(5.8)
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where,

Flerr m = Maximum force imaging error at m-th level,
,

FAvm = Mean force value at m-th level,

Fm-l = Force value at the (m-l)th level, and

F
m
= Force value at the m-th level.

The value of the maximum imaging error decreased with increasing threshold levels in

the case of equal range thresholding. The value was maximum when m = 1 and was min

imum when m = n. If unequal thresholding was used, then it was possible to assign
threshold levels such that the maximum error due to imaging was kept uniform through
out the range. This error is similar to the quantizing error in A to D converters.

Generally, the accuracy desired from a force image was largely task dependent The
accuracy indicated whether the primitive values were able to reflect the changing gripper
status quickly enough to prevent an object slippage. For a precision grasping task which

might require frequent regripping, the force images obtained have to be very accurate.

In the case of a general purpose grasping operation, the speed of grasping influenced
the noise in the dynamic force data. This was especially true when a viscoelastic medium,
such as a soft rubber pad, was used to transfer the forces onto the sensing sites. It was

found that the higher the speed of gripping, higher was the noise in the raw force

(dynamic force) data. The effect of the noise on the raw force data was separately inves
tigated in a case study and its results were used to form the design criteria for a pre-filter.
Specifically, noise in the raw data was found to significantly influence the transitional
uncertainties in the force images.

5.2.2. Transitional uncertainties

Transitional uncertainty in a force image can be defined as the uncertainty in the

primitive force value which causes ambiguity in its correct interpretation when a task is

in progress. Due to the presence of noise in the measured force data, transitional uncer
tainties always exist in a force image. In order to clarify the definition of the transitional

uncertainties, the results from a case study which was conducted using actual data ob

tained while grasping a sample object using the prototype system were used.

In this study, the raw and filtered force data were used for determining the force

image from one of the sensors, sensor # 1. The variation of raw forces and filtered

forces, as measured by sensor #1 is shown in Figure 5.3. The two curves for filtered
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forces were obtained by using 5-point and lO-point moving average low pass filters,
which were selected based on a separate study to be discussed later in this section. The

curves in Figure 5.3 show sampled values of the forces plotted as a function of time. The

noise present in the raw force data is clearly evident. The filtered data show a selective

noise reduction obtained without significantly disturbing the trend of the data.

The raw data were processed to obtain a force image using a 0.5 N inter-threshold

range. The force image was formed from the data measured by sensor #1 and a plot of
the resulting primitive values as a function of time is shown in Figure 5.4. The time axis

refers to the time of the task. From the force image, it can be seen that there is an uncer

tainty associated with some of the transitions when the primitive values change at various

points on the time axis. These uncertainties are the transitional uncertainties introduced

earlier.

The plot in Figure 5.5 shows the details of the transitional uncertainties obtained

from the raw data using the grasping and the releasing data measured by sensor #1. In

this plot, the portion of the force image from a task time, t = 1400 ms to t = 1700 ms, is

shown. It can be seen that at t = 1545 ms, and for values of t between 1560 and 1590 ms,

there is uncertainty in the image obtained during grasping while at t = 1540, 1550, 1560,
1570, and for values of t between 1580 to 1640 ms, there is uncertainty in the image
obtained during releasing.

To study the effect of prefiltering of the raw data on the transition uncertainties,
different types of low pass filters were tried. In each case, the force image from sensor #1

was formed and the occurrences of the transitional uncertainties were studied. When the

raw data were filtered using a moving average filter of two different window sizes, con

sisting of 5 and 10 data points respectively, the number of uncertainties was found to

decrease. This result can be seen by referring to the plots of Figure 5.5, 5.6, and 5.7

which show the transitional uncertainties in the images obtained from the raw and filtered

data measured by sensor #1 obtained during the same task. Successively decreasing
numbers of transitions are evident from the three plots for both the grasping and releasing
data images as the width of the filter (in terms of the number of data points used for

averaging) is increased.

The data for these plots were obtained by extracting the force image pertaining to

sensor #1 during the same (i,e. 1400 to 1700) 300 ms period. The selection of the period
was based on the presence of a maximum number of observed transitions. The duration

of transitional uncertainty during grasping of the object is seen to progressively reduce

from 50 ms to 25 ms to 15 ms by using the 5 point and 10 point wide moving average

filters. A similar effect is seen in the releasing data where the transitional uncertainty
reduces from 120 ms to 60 ms when using a 5 point wide moving average filter. Further,
the frequency of transitions was also reduced by pre-filtering the raw data.
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Figure 5.3: Raw and filtered data from sensor #1 during grasping.
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In addition to the transitional uncertainties, the design of the pre-filter also con

sidered other factors such as the resolution desired for a particular task, the characteristics
of the sensing system, and the time allowed for processing on-line data. In addition, the
trade-off between the amount of prefiltering required for raw data and the total time al

lowable for tactile imaging was also studied. These aspects of prefiltering are separately
discussed in a later section.

500 1500 2500 3000 35001000 2000

Time, msec

Figure 5.4: Force image obtained from sensor # 1, using raw data .

5.2.3. Forming a tactile image

In order to identify the changes in the measured forces during the performance of a
task, it was decided to obtain an image which showed the simultaneous force images
from all the tactile sensors of the prototype system. This was achieved by combining the

force images from all the eight sensors of the prototype system in the form of a two
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Transitional uncertainties in raw data
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Figure 5.5: Details of the transitional uncertainties - image from raw data •

dimensional array. Such an array was referred to as a tactile image and it portrayed an

instantaneous record of the forces on all sensing sites involved in the gripper system.
The structure of a typical tactile image is shown in Table 5.1. The entries in the first
column correspond to the time at which the force measurements were made. The sub

sequent columns denote the sensing site locations of the tactile sensing system. The row
entries in these columns designate the primitive value of the force obtained using the

imaging technique.

The purpose of forming a tactile image was to determine the changes in the

measured forces between successive instants. By looking at two successive rows, a deci
sion regarding the trend of the task could be formulated, and using the information from

subsequent rows, the decision could be strengthened or weakened. A tactile image was

also used to determine the instantaneous total force on the system by cumulating the
force primitive values row-wise (by adding elements in a row together).
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Figure 5.6: Transitional uncertainties in the force image obtained from sensor #1
filtered data - 5 point moving average filter ,

5.2.4. Interpretation of a tactile image

The dynamic force variation in both space and time, depicted in a tactile image,
contains information to determine the relative behaviour of the system at different times.
These dynamic characteristics were used to obtain decision parameters which could be

interpreted based on the immediate past history of the system. In a gripper system, the
tactile image was formed from the forces measured at the sensing sites. Due to the vis
coelastic nature of the finger surface, it was difficult to isolate the applied force com

ponent using conventional techniques. Tactile imaging technique provided a realistic
solution if the associated errors could be estimated and tolerated in the task. Therefore, a
set of conditions was formulated to interpret the tactile image.
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Figure 5.7: Transitional uncertainties in the force image obtained from sensor #1
filtered data - 10 point moving average filter ,

5.2.4.1. Criteria for interpretation

If the tactile image could be formed for a selected block of data, then it was as

sumed possible to analyse the characteristics of the image within that block. It was also

possible to determine the changes in the characteristics of the image between successive

blocks.

A typical block consisted of a pre-defined number (for example, n) of sampled
values of forces at each sensing site. Let the time interval elapsed during the acquisition
of these n values be designated as tb' An image formed from the block of data was used

to obtain information about the force gradients and the cumulative forces within the time

interval tb' Considering the force image from one of the sensing sites, if the values of the

force primitives at two successive time instants showed an increasing trend, then this was
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Table 5.1: Structure of a typical tactile image.

Time of Primitive force values at the sensing sites represented by the sensor

number

sampling S #1 S#2 S #3 S#4- S#5 S #6 S #7 S #8

t() rio f20 f30 f40 f50 f60 f70 f80
t1 f11 f21 ... ... ... ... . . . ...

t2 f12 ... ... · .. . . . ... ... ...

... ... ... ... ... '" . . . ... . ..

... ... ... . . . · .. .... . . . ... . ..

... ... ... ... ... . . . ... '" . ..

... ... . . . ... · .. '" ... ... . ..

tn-1 ... ... ... ... ... ... ... ...

tn fIn f2n f3n f4n f5n f6n f7n f8n

considered as a positive force gradient and was used to characterize the task as likely to

be a grasping type. On the other hand, if the successive force primitives showed a

decreasing trend, then it was considered likely to be areleasing type of operation. If there
was no change between successive values, then the gripper status had not undergone any
change in the interval of time corresponding to that block of data, and the task status was

characterized as unchanged. Thus, by processing a tactile image from ablock of data, it
was possible to obtain the above information from all the sensing sites simultaneously.
For a time duration tb' all of the grasps and releases were cumulated. To increase the
confidence in decision making. the number of sensing sites showing similar behaviour

(i.e, increasing or decreasing forces) were counted and used to determine a sensor con

fidence factor. To determine relative displacement of the object with-respect to the grip
per fmgers, the time instants at which the increase or decrease of the force primitive
values had occurred at every sensing site were noted.

5.2.4.2. Interpretation of errors and selection oferror margin

The accuracy of a tactile image depends on the range of forces between successive
thresholds. While this range should be greater than the average noise and uncertainty
levels, it should be small enough to enable detection of primitive level changes within a

reasonable time. The different nonlinearities of the transducers further modify the ranges

unequally.

The criteria formulated to interpret the tactile image assumed that the tactile image
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obtained was error free. However, in a real task, the presence of noise in the force signal
always resulted in imaging errors. The two main factors which contributed to the error in
the tactile image were the error due to noise, which caused the transitional uncertainties
in the force images, and the errors introduced due to the method of interpretation of the
tactile image. The first type of error was reduced using prefiltering of the force data.
The error due to the method of interpretation of the image was reduced by using a "dead
band filter". This filter identified the positive and negative transitions in a tactile image
and introduced suitable dead bands around the transition points. A transition validation

procedure was designed to check every transition and identify true transitions. The

details of implementation of this filterwill be described in Section 6.2 in the next chapter
which deals with the topic of decision-making using tactile images.

Another factor causing ambiguity in the tactile image interpretation was the uncer

tainty factor associated with the gripper system. As described in Chapter 4, the prototype
gripper system exhibited a variation of about 8 % in the sensor reading for the same

applied force due to the major variants, namely, the FSR material, the compliant backing,
or the point of application of the force. These errors also contributed to the transitional

uncertainties discussed in Section 5.2.2.

For an on-line task status determination, the time taken to obtain a tactile image was

a critical factor. This depended on factors such as the number of sensors in the system,
the real time taken to acquire and pre-filter raw force data, the cpu (Central processing
unit) time taken by the computer to model the sensors and to apply the model to
measured force data in order to linearize the sensor data, and the cpu time taken

-

to form
force images. The various cpu times used by the computer varied with the choice of the

pre-filter and its characteristics, and with the imaging technique used. The design and

implementation of the pre-filter is described in the next section while the implementation
of the imaging technique is described in Section 5.3.

5.2.4.3. Prefiltering of force data

A simple moving window filtering technique was found to be sufficient for the ap
plication, to reduce the high frequency noise components. Using the features of the
MA1LAB package, it was possible to design a moving average type filter whose charac
teristics could be varied in order to determine the best filter. The number of points to be

selected for averaging could be made variable and this number could be passed on to the
filter in the form of an argument to a function. Moving average filters of different win
dow sizes were tried in order to make a selection.

There were many conflicting factors involved in the selection of the the size of the

moving average filter width. For example, the-transitional uncertainties could be reduced
to an arbitrarily small value by using a sufficiently large sized window (consisting of a
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large number of averaging points). However, this caused large time delays to be intro
duced by the filter, A small sized data window left the filtered data with . larger noise
components. This resulted in ambiguity in the tactile image obtained from the raw data,
which was not desirable since this in turn, resulted in longer times to process the data to

obtain the tactile image. Further, the small window also resulted in additional delays in
subsequent interpretation of the images to determine the decision parameters and
removed the process farther from real time. The determination of decision parameters
from a tactile image will be described in Section 6.5.1.1.

The selection of the window size of the low pass filter also influenced the selection
of the inter-threshold range. Using a large window for averaging resulted in the loss of

some information from the dynamic forces; this necessitated smaller inter-threshold

ranges to be chosen to ensure that a correct tactile image was obtainable from the force
data. A quantitative evaluation of the effects of these and other factors to determine the
most optimum window size was not successful because of the conflicts and inter

dependencies among the variables.

Therefore, in the proposed imaging scheme, to arrive at the most suitable window

size for pre-filtering force data, two main aspects were considered. The first aspect was
to determine the delay introduced by the various data windows to obtain a tactile image
from a 100-point force data from 8 sensors. The delay introduced was determined for the

moving average filters of data window lengths 5,7, 10, 15 and 20 points by using the

built-in "elapsed time" routine of the MATLAB software package in a Sun 4/110
workstation. The delays are recorded in Table 5.7. The force data used for this test con

sisted of arrays of forces of various sizes consisting of "20 by 8" to "400 by 8" points.
The filter delay was observed to vary almost linearly with the size of the data window.
The program used to calculate the user time (i.e. cpu time taken to perform filtering
operation), also calculated an average value for the number of floating point operations
performed in each case. For a typical tactile image obtained from an array of 100 by 8
values of forces, the delay due to the pre-filter was found to be 1.11 s and it performed an

average of 4364 floating point operations. The time displayed in Table 5.4 is the mean

value of user times obtained from ten trials carried out for each experiment. Both grasp
ing and releasing types of data were used and the averagingwas necessary because of the
time shared usage of the computing resources used in these tests. From the table it is
evident that the shortest delay was caused by a 5-point filter,

The second aspect which was considered to select the size of the window was to

determine the smallestdata window which permitted filtering of the raw data to satisfy a

pre-defined system uncertainty criterion. The system uncertainty criterion for this case

was defined such that the random variation observed at any point on the dynamic force
characteristics would always be less than or equal to the estimated system uncertainty



94

Table 5.2: Delay introduced by the moving average pre-filter of various data win
dows,

Force data, 5-point 7-point lO-point 15-point 20-point
no.of points mvg.avg mvg.avg. mvg.avg mvg.avg mvg.avg.

20x 8 0.25 s 0.24 s 0.23 s 0.27 s 0.28 s

40x l:S 0.46 s 0.46 s 0.47 s 0.47 s 0.50 s

60x 8 0.66 s 0.67 s 0.69 s 0.74 s 0.75 s

1UUx8 1.11 s 1.13 s 1.16 s 1.19 s 1.23 s

200x8 2.37 s 2.36 s 2.41s 2.53 s 2.58s
4uux8 5.42 s 5.45 s 5.73 s 5.70 s 5.91 s

value, i.e. 8 %. This fact was validated by first obtaining the tactile image from the raw
and filtered data and then making a comparison between the two images. This will be
discussed further in the next section which describes the implementation steps to obtain a

tactile image from real test data.

5.3. Implementation of the imaging technique and results

S.3.1. The imaging procedure

Using the prototype gripper system, test data were obtained during grasping and

releasing operations performed on a sample object. The object was first mounted between
the gripper fingers of the robot gripper which was equipped with an array of four tactile
sensors on each gripping surface. The gripper motor was actuated at a constant jaw speed
of 7 crn/s and the forces on all the eight sensors were recorded using a high speed data

acquisition system.

The data were obtained using an aluminum disc of diameter 24.mm, thickness 17
mm and weight 21.5 g. The uncertainty in the measured value of forces due to the

prototype system components was estimated to be 8.1 %, as stated in Section 4.4.2.4. The

prototype system was modelled by fitting a fourth order polynomial characteristic curve

in accordance with the recommendations of the modelling and calibration expert system
described in Section 4.4.3.

In order to interpret the dynamic forces measured by the tactile sensors, the
measured sensor data was filtered using a low pass filter and then linearized. This was

done to facilitate interpretation of the tactile images obtained from this data. The next
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step was the assignment of force primitive values using the force imaging procedure
described in Section 5.2.1. Finally, the force images from all the eight sensors had to be
combined to form the tactile image.

,

To implement the various steps described above, two methods were investigated.
The first method was called the conventional approach and the second was called the

modified approach since it retained a part of the procedure used by the conventional

method., In the conventional approach, the steps described above were carried out in

exactly the same sequential order. Significantly, the force primitive values for the
measured sensor forces were assigned after the data were transformed to the force

domain. In the modified approach, which was developed to reduce the processing time of
the imaging operation, some of the listed steps were performed off-line and the results
were loaded from files, and used to obtain the image.

5.3.2. The conventional approach

In this approach, the raw data were acquired by the data acquisition system (DAS),
were then transformed to time varying forces on the sensing sites using an appropriate
sensor model. This model accounted for the sensor nonlinearities which include the

transducer, the compliant backing, and the associated driving electronics. A typical
process diagram showing the steps involved in this conventional procedure is shown in

Figure 5.8.

The range of applicable forces for the selected task was 0 to 16 N and it was divided

equally into 32 threshold levels with a uniform inter-threshold range of 0.5 N. The selec
tion of the inter-threshold range (of 0.5 N) was based on the various accuracy considera

tions discussed earlier. To compensate for the system uncertainty errors, a dead band of
0.04 N (which is 8 % of 0.5) around each threshold point was set and a rule was for

mulated. According to this rule, forces measured by the sensors were divided into two

categories: the definite case in which the forces lie well within an inter-threshold range,
and the marginal case, in which the forces lie in the "vicinity" of the threshold points. If
the force lies in the vicinity, then the primitive value assigned to it is based on the past
force gradient value, if the gradient exists; if the gradient does not exist, then the force

gets a primitive value obtainable by treating it as a definite case. For example, suppose 1

Nand 1.5 N are the two threshold points which define a primitive value of 3, then the

vicinity for the lower threshold point is theregion 0.98 N to 1.02 N 'and that for the

higher threshold point is 1.48 N to 1.52 N. If a measured force has a value of 1.2 N, then
it represents a definite case and hence gets a primitive value of 3

. assigned to it. If two
measured forces at successive instants read 0.75 N and 1.02 N, then the corresponding
primitive value assigned would be 2 and 2, whereas if the two forces measured read 1.30
N and 1.02 N then it would be 3 and 3. It can be observed that the second value of
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Figure 5.8: Flow chart of a conventional approach to obtain a tactile image
measured force, i.e. 1.02 N was assigned a primitive value of 2 in first case because the

previous value of the measured force was less than 1 N, whereas, the second value of the
same force in the' next case was assigned a primitive value of 3. In case the first value is

1.02 N then it is assigned a primitive value of 3.

Using these rules, a thresholding filter was applied to the transformed data and the

force image for each of the eight sensors was obtained. The tactile image, which consists



97

of the force image for all the sensors involved in the task (eight in the case of the

prototype) was then obtained.

A tactile imaging software was designed to carry out all the functions, except the
data acquisition, listed in the flow chart shown in Figure 5.8. As the real time data ac

quisition facility was hard wired to the MicroVAX 3600 computer, the data acquisition
and storage were done using the existing facility and the stored data were transferred in
the form of ASCII files to the Sun 4/110 workstation. The tactile imaging program was

coded in interpreted "C" language and was implemented using standard library routines
of the MATLAB software package. The operation of the program consisted of first load

ing the files containing the force data, the threshold ranges and the sensor model

parameters. This was followed by force transformation which determined the linearized
value of the measured sensor force at every sensing site. This was necessary in order to
form an equal basis for force thresholding (in terms of the applied force in N or g). As
signment of thresholds was done at this stage and the force images from all the sensing
sites were combined to obtain the tactile image.

A typical tactile image obtained using the conventional approach is shown in Table
5.3. The time specified in the first column relates to the sampling instants when the data
were measured by all the eight sensors. The total time of the task was 4 seconds. The

image shown in Figure 5.3 pertains to the duration between 2000 ms to 2019 ms while
the object was being grasped. Such images were obtained for the complete duration of
the grasping and the releasing tasks, each lasting for 4 s. The resulting tactile images
clearly displayed consistent primitive values indicating the type of tasks.

5.3.2.1. Timing considerations for real time implementation

For on-line extraction of such an image, the time taken to obtain the image by
processing the raw data is a critical factor. This time depends on a number of inter

dependent factors, such as the amount of data, the type of low pass filter used to pre-filter
the raw data, the type of model used for the sensors, and the criteria and the algorithm
used for assigning forces primitives. To determine the processingtime for the complete
imaging operation, five groups of data, consisting of 30, 60, 100, 200 and 400 data points
for each of the eight sensors, at a time t = 2.0 s during the grasping operation, were iden
tified. Tactile images were formed from these groups of data using the conventional

technique. The total cpu time taken to form the tactile image using the raw force data
was calculated for each case. The time was calculated using the elapsed time as

measured by the "clock" routine of the MATLAB library which was incorporated into the

imaging program. The processing times were calculated for imaging the raw data as well
as the filtered data in which a 5-point moving average pre-filter was employed. In each
case the processing times taken in the thresholding section of the imaging program were

separately identified. These results are shown in Table 5.4.
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Table 5.3: A tactile image obtained using the conventional approach using grasping
data •

Time of Primitive force values at the sensim sites re presented by the sensor no.

operation (ms S #1 S#2 S #3 S#4 S#5 S #6 S #7 S#8
2000 3 1 1 1 1 3 6 2
2001 3 1 1 1 1 3 6 2
2002 3 1 1 1 1 3 6 2
2003 3 1 1 1 1 3 6 2
2004 3 1 1 1 1 3 6 2
2005 3 1 1 1 1 3 6 2
2006 3 1 1 1 1 3 6 2
2007 3 1 1 1 1 3 6 2
2008 3 1 1 1 1 3 6 2
2009 3 1 1 1 1 3 6 2
2010 3 1 1 1 1 3 6 2
2011 3 1 1 1 1 3 6 2
2012 3 1 1 1 1 3 6 2
2013 3 1 1 1 1 3 6 2
2014 3 1 1 1 1 3 7 2
2015 3 1 1 1 1 3 6 2
2016 3 1 1 1 1 3 7 2
2017 3 1 1 1 1 3 7 2
2018 3 1 1 1 1 3 7 2
2019 3 1 1 1 1 3 7 2

The tabulated results show that the total elapsed time to process the raw data for all
the eight sensors ranged from 10.08 s for the 30 point case (consisting of 30 X 8 force

values) to 80.25 s for the 400 point case of the grasping data. The time taken by the

thresholding section of the program for the 30-point case was 1.14 s and for the 4OO-point
case it was 11.82 s. Similar behaviour can be identified from the processing times for

filtered data which are also shown in Table 5.4. These times were considered too high
for a relatively simple task of imaging and methods to reduce the imaging time were

explored.

A detailed study was undertaken to identify the sections of the imaging program
which could be performed off-line. From Table 5.4, it can be seen that 10 to 15 % of the
total time is spent by the program in characterizing the behaviour of the eight sensors.
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Table 5.4: The processing time for data blocks of different lengths using the con
ventional approach •

Force data, Times using raw data Times using filtered datano.of points Modelling Imaging filtering modelling imaging
30x 8 1.14 s 10.08 s 0.32 s 1.73 s 10.27 s
60x8 2.15 s 18.92 s 0.61 s 3.32 s 20.06 s
100 x 8 4.12 s 32.32 s 1.03 s 6.01 s 31.41 s
200 x 8 9.27 s 64.15 s 3.10 s 12.93 s 62.47 s
400 x 8 11.82 s 80.25 s 5.37 s 16.86 s 86.37 s

The rest of the time was used in the thresholding operation. Therefore,it was concluded
that by delegating the task of modelling of the sensors and a part of thresholding opera
tion to an off-line filter, it would be possible to develop a faster imaging technique. The

development of such a "modified" tactile imaging scheme is described in the next section.

5.3.3. Modified tactile imaging scheme

In this scheme, the two time consuming operations of modelling and thresholding
were performed by an off-line filter, This filter was used to determine the threshold

levels for a particular system configuration in terms of the digitized sensor outputs. The
filter first performed individual sensor modelling for each of the eight sensors, using the

function recommended by the modelling and calibration expert system. Since the math
ematical formulations of the functions (fourth degree polynomial) used for describing the
sensor behaviour were independent of the choice of the input and output variables (this
was confirmed using experimental data), the filter used a simple data inversion technique
to obtain the inverse relationship between the applied forces on the sensors and the

digitized sensor output values. The inter-threshold range in the force domain was used to

define the threshold levels. These levels were transformed to the corresponding threshold
levels in terms of the digitized sensor outputs from each of the eight sensors. This

resulted in the sensor nonlinearities being automatically incorporated in an indirect way
into the different setting of threshold values. Therefore, different threshold levels were

defined for each sensor.

A major time saving feature of this technique was that the threshold values could be
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obtained off-line and stored as binary files for fast retrieval by the on-line imaging
program. The flow chart for the off-line thresholding filter which performs the opera
tions discussed above is shown in Figure 5.9.

The input parameters to this filter consisted of a two-element array, n1, in which

n1(1) defmed the range between thresholds, in grams, and n1(2), the degree of polyno
mial curve to be fitted to characterize the various sensors. These two parameters were

dependent on the system configuration and the type of function chosen to characterize the

tactile sensing sites. If different functions, such as nonlinear functions or piecewise cubic
spline functions are used, then this filter program can be easily modified to accommodate
such cases. In the case of the prototype gripper system, since it was decided to use a

fourth degree polynomial curve for all the eight sensors, the value of n1(2) was assigned
as 4. To use a threshold range of 0.5 N, n1(1) was assigned with a value 50. This filter

calculated the threshold values for all the sensors of the tactile system in terms of

digitized values of respective sensor outputs and stored them in designated binary files.

The threshold levels for grasping and releasing data were separately calculated and

stored. These files could be readily accessed by the on-line imaging filter with a small

delay.

5.3.3.1. On-line imaging filter

The on-line process necessary to obtain the tactile .image using the modified scheme

consisted of a filter which loaded the threshold settings (i.e. levels) for all the sensors

from designated binary files. The stored values of force data were also loaded and as

signed with the primitive values using a simple comparison algorithm. These steps are as

shown in Figure 5.10.

The program designed to perform on-line imaging accepted two arguments; the pre
filter type to be used for filtering raw force data and the type of the task, to identify and

load the correct set of threshold settings for the eight sensors.

Both the off-line thresholding filter and the on-line imaging filter were designed and
implemented using the library routines of the MATLAB [109] software package. The tac

tile images obtained using the modified approach were identical to the ones obtained

using the conventional approach. These images were in the form of arrays in which the

column 1 entries represented the time of the task and the entries in columns 2 to 9

represented the primitive values of force measured at the sensing site locations 1 to 8.

Typical images from the grasping and releasing data were tabulated in a summarized
form in Tables 5.5 and 5.6 respectively.

In these tables, the primitive values of force measured at the respective sites are

entered in the form of cross-hatched circles. Different shadings are used to denote the
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Table 5.5: A tactile image obtained using themodified approach - grasping data
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Table 5.6: A tactile image obtained using the modified approach - releasing data
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various primitive values (or Threshold levels). By examining such an image, the status

of a grasping or releasing operation in progress can be inferred. If successive rows in

dicate an increasing trend in the primitive values, then this implies a gripping process. A

decreasing trend while grasping indicates the presence of slip. If successive row values
are unchanged, then it signifies neither gripping nor slipping.

Figure 5.11shows the steps involved in the task oriented procedure to obtain a tactile

image from dynamic force data. To obtain decisions from such an image, a suitable deci
sion strategy consistent with the speed and accuracy of the task at hand, was formulated
as described in the next chapter.

Acq. dynamic force data

Filter noise

Modelling
and

calibration
expert system

Linearize data

Thresholding

Tactile image

Figure 5.11: Flow chart of the task oriented procedure to obtain atactile image
from dynamic force.
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5.3.4. Results and discussion

To evaluate the performance of the modified approach, the processing times to ob
tain tactile images from the same five groups of data were determined. To confirm the

suitability of the modified tactile image extraction scheme, the tactile images were ob
tained from the same five groups (used earlier to estimate time to obtain a tactile image
using the conventional approach) of force data using the programs developed for the

thresholding and imaging filters, The processing time in these cases was the elapsed time
measured by the on-line imaging filter. The time taken for thresholding and modelling
was not considered since it was an off-line operation. The measuredprocessing times are

shown in Table 5.7.

Table 5.7: The processing times for five groups of data using the modified ap
proach.

Force data, Imaging time hngingtime Savings in Percentage
no.of points using modifiec: using conven. time savings in

scheme scheme time
30x8 1.00 s 10.08 s 9.08 s so.os %
6Ox8 1.94 s 18.92 s 16.98 s 89.74 %
100 x 8 3.Z3 s 32.32 s 29.09 s 90.u1%
ZUUx8 6.ZU s 64.15 s 57.95 s 9U.03 %
400 x 8 13.17 s 80.25 s 67.ms s 83.,� %

In comparison with the total processing times shown in Table 5.4 for the conven

tional approach, the processing times for the corresponding blocks ranged from 1.0 s for
a 30-point block to 13.17 s for a 4oo-point block. The corresponding time reduction is
also calculated as a percentage and shown in Table 5.7. For a typical case of a 100 point
force data, the time saving was of the order of 90 %.

The effect of prefiltering data to obtain the tactile image using the modified scheme
was investigated to validate the selection of the pre-filter, Two moving average low pass
filters of different window sizes were used to filter the raw data before forming the tactile

image. To determine the changes in the tactile image due to filtering, three representative
tactile images were obtained from the grasping test data obtained during a time t = 2.0 s

to t = 2.1 s. The three images corresponded to the case of raw data image, 5-point filtered
data image, and 10-point filtered data image. Each image consisted of the force primitive
values arranged in a 100 by 8 array. To determine the variability in the images, the dif
ferences in the primitive values were calculated at every sampling point.
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The differences in the primitive values between the raw force image and filtered

force image were used to determine the effect of prefiltering. The sampling times (during
the task time of 2 s to 2.1 s) at which the raw image differed from the filtered image were

identified and are shown in Table 5.8. The table shows the difference in the images ob
tained in the two cases.

Table 5.8: Differences in the tactile images obtained from raw and filtered force
data

Tune ar which Image from raw data Image from fihd, (S pt.) data Image from filtd.(l0 pt.) data
diffrence Sensor 00. Primitive value Sensor no. Primitive value Sensor no. Primitive value
occurred
2004ms 7 7 7 6 7 )
2005ms 7 7 7 6 7 I)
2009ms 7 7 7 6 7 I)
2014ms 7 7 7 6 7 )
2018 ms 7 7 7 6 7 )
2022 ms 7 6 7 7 7 )
2026ms 7 7 7 6 7 )
2032ms 7 7 7 6 7 )
2036ms 7 7 7 6 7 I)
2Oj�ms 7 7 7 0- 7 )
2041 ms 7 7 7 6 7 6
2046ms 7 7 7 6 7 6
2055ms 7 7 7 6 7 6
2059ms 7 7 7 6 7 l

zoeoms 7 7 7 6 7 )
2069ms 7 7 7 6 7 )
2072ms 6 4 6 3 6 �
2073ms 7 7 7 6 7 l

2uns ms 7 7 7 6 7 )

w87 ms 7 7 7 6 7 6
2092 ms 7 7 7 6 7 6

From this table, it is evident that prefiltering the data modifies the raw image. But

both the filters (of window size of 5 point or 10 points) may be used to obtain a tactile

image which is less noisy compared with the raw data case. The pre-filter was added as a

front end to the tactile imaging program developed for the modified scheme. The

processing times for the same .five groups of data were calculated as before and the

results obtained are shown in Table 5.9.
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Table 5.9: Processing times to obtain tactile images from filtered data using the
modified approach •

Force data, 5-pointmoving average filter lO-pointmoving average �teJ
no.of points filtering time rot.imzing time filtering time tot.un!Dn1! tune

30x8 0.24 s 1.16 s 0.34 s 1.01 s

6Ox8 0.63 s 2.31 s 0.66 s 2.26 s

100 x 8 1.09 s 4.05 s 1.13 s 4.18 s

200 x 8 2.38 s 8.29 s 2.37 s 8.22 s

400 x 8 5.51 s 17.71 s 5.87 s 17.76 s

By comparing the processing times to obtain a tactile image from the raw and fil

tered data, it can be seen that inclusion of the filter increases the time in all the five cases.

The increase is approximately equal to the time taken to filter the raw data. The time

taken by the IO-point moving average pre-filter is marginally higher than the time taken

by the 5-point filter, It is also clear from Table 5.9 that the increase in processing time is

lowest for a Ioo point data block. The total user time taken to process the 100 point force
data was 4.05 s. The total number of floating point operations performed in the filtering
and imaging process was also estimated using the MATLAB library routines. Using the

modified scheme, for imaging a 100 point raw force data the average number of opera
tions required was 2767, and for the filtered data it was 2633 and 2476 for the 5-point
and 10-point moving average low pass filters respectively.

From the above results, a five point moving average filter was considered ap

propriate for the prototype sensing system. Any uncertainty prevailing in the image was

accounted for in the decision logic which considered the contribution from the uncertain

sensor image only if the decision reached was marginal.

5.3.5. Liniitations of the method

The modified approach needs to perform off-line modelling and thresholding every
time the system configuration is altered. Though this will not affect the on-line process
ing, still this may cause temporary delays in practical implementations. The selection of

threshold ranges and the parameters for the pre-filter are largely governed by inferences
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from analysis of the real data. Analytical or mathematical formulations may be desirable
to develop and establish procedures to guide the design of tactile imaging schemes for
other types of applications.The system uncertainty criteria may not be satisfied in some

cases of object handling conditions and these have to be separately evaluated.

5.4. Conclusion

This chapter has described the development of a tactile imaging scheme. The

relationship between the dynamic force parameters and a tactile image was established
and the steps for the formation of a force image from tactile sensor data were described.
To develop a technique.suitable for on-line implementation, a conventional approach was

first discussed. The program developed to implement this approach was used to identify
the processing times required for various operations. These were studied to determine

the operations which were time consuming and those which could be performed off-line.
From this investigation, it was determined that off-line modelling and thresholding could
yield considerable savings in time. A filter was designed for this purpose and was im

plemented off-line. The resultant thresholds were used in the on-line imaging software.

The trade offs involved in the design of the modified scheme were analyzed to

determine the basis for selection of threshold range, error margin and the type of pre
filter, It was found that the problem of transitional uncertainty could be partially solved

by prefiltering the raw sensor data. However, the prefiltering of data was seen to be a

critical operation.which played a vital role in deciding other trade off criteria.

.
The modified tactile imaging scheme was implemented using the prototype gripper

system. In this scheme, the sensor nonlinearities were automatically accounted for in the

calculations by applying a suitable model for each of the sensors involved in the task. By
assigning equal ranges of forces between thresholds, the tactile image interpretation was

made straightforward. The processing time required to form a tactile image was

evaluated and the results showed that the modified scheme was considerably faster than
the conventional technique. Results obtained from test data were used to estimate an

error margin which could be used for interpreting the tactile image.

The applicability of the modified scheme for an on-line tactile imaging task was

substantiated using on-line data collected during grasping and releasing of a sample
aluminum disc. In the tactile image obtained, the onset of grasping at a sensing site was

indicated by the first positive jump in the threshold value. Subsequent increases in the
thresholds could be interpreted as an increasing grasping force. The information could be

used to identify the status of the gripper during a task. In the case of a slip occurring
during a task, the tactile image displayed a lower trend of primitive values. The decision
software could use this information along with the spatial information describing the rela-
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tive position of the object with respect to the gripper, to determine slip. Using the above

ideas, a decision strategy was formulated to obtain and interpret decisions during a task.

To implement this strategy, a decision filter was designed to obtain a set of decision

parameters from a tactile image, and an expert system was developed to interpret these
decision parameters. The details will be described in the next chapter.
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6. DECISION FILTER AND THE TASK STATUS
INDICATOR EXPERT SYSTEM

6.1. Introduction

In order to develop a method to automatically determine the task status of the grip
per using a tactile image, the image formed from on-line data needs to be processed to

determine a set of quantifiable decision parameters. Subsequently, these parameters
should be interpreted using reasoning techniques developed from a knowledge of human
reasoning procedures. The reasoning mechanism for the prototype gripper system could

then be implemented using an expert system in which a part of human expertise has been

incorporated in its knowledge base. The basic inverse problem of tactile perception and

its real time solution using neural network techniques has been proposed by Pati et

al.[122].

A set of seven decision parameters selected for determining the task status will be

defined, and a decision filter designed and implemented to obtain these parameters from
a tactile image will be described. An analysis of the behaviour of the selected decision

parameters will be used to examine the design requirements for the filter. Using perfor
mance evaluation results, the applicability of the technique for on-line implementation
will be discussed.

6.2. Formulating Decisions From a Tactile Image

When a human subject attempts to grasp a small object, compliant tissue in the

fingers conforms to the object. When the object begins to move relative to the fmgers,
forces acting on the fingers result in a reaction which creates the necessary damping or

velocity 'feedback to stabilize the grasp. In a similar manner, a set of decisions was for

mulated from a tactile image to guide an on-line task.

The tactile image was in the form of an array with the columns representing the
sensor number and the rows corresponding to the time axis of the process, as defined in

Section 5.2.3. In a case study, typical tactile images obtained during the grasping and

releasing of a selected sample were used to analyze the images and formulate methods to

obtain decisons from the images. The data for the case study were acquired during inde-
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pendent grasping and releasing of a sample object, with each operation lasting for 4 s.

The tactile image consisted of a 4000 by 8 array of force primitive values for each type of

task. The image was divided into 40 consecutive blocks, each containing an array of 100

by 8 primitive values.

After forming the tactile images, the force primitive values corresponding to each of

the eight sensors were identified and plotted as shown in Figures 6.1 and 6.2 respectively.
Figure 6.1 was obtained using the grasping data and Figure 6.2 was obtained using the

releasing data. These figures cleay show the force transitions measured during grasping
and releasing. The tactile images in these two cases were obtained after filtering the raw

data using a 5 point moving average low pass filter. For each sensor, the primitive value

of force is indicated by the thickness of the bar. From these two figures, it is evident that
sensors #3 and #5 have not indicated any change of status during the grasping. Sensors
#3, #5 and #6 have behaved in a similar manner during the releasing operation. The

single positive transition from sensor #6 during grasping could be due to two causes;

either the presence of noise during grasping, or an escaped detection of threshold during
releasing. To account for these and other ambiguities, it was found necessary to identify
a confidence factor which could reflect the number of sensors showing positive (i.e,
grasping) and negative (i.e.releasing) of transisitons, and thereby eliminate false transient

indications.

Based on the results of the case study, reasoning rules were formulated to make

decisions from a tactile image. These rules were defined as follows: if successive rows

of the tactile image indicated a decreasing trend, then the object was considered to be

released from the gripper, whereas if the successive rows indicated an increasing trend

then it was considered to indicate that gripping was under way. If successive row values

were unchanged, then it signified neither gripping nor slipping. The number of sensors

displaying similar characteristics of the measured forces was used to assign a sensor con

fidence factor for the grasping and releasing decisions determined as described above.

Another aspect of the tactile image which was used to make the decision was to

identify the displacement of the object being handled relative to the gripper fingers. If a
rapid movement of the object ( occurring within a time duration of 10 ms) was identified,
it was considered a dynamic object displacement, while slower object movements (occur
ring over a time period between 10 ms to 100 ms) were considered to be static object
displacements. Based on these criteria, a set of seven decision parameters, namely, the
grasped level, the released level, the sensor confidence factor for the grasping decision,
the sensor confidence factor for the releasing decision, the staic object displacement, the
dynamic object displacement, and the points on the time axis (of the task) when the

various transitions had occurred, were identified from a tactile image.
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Figure 6.1: Transitions during the grasping operation.

6.2.1. Design considerations

In a situation where an array of sensors was involved, formulation of a decision
based on the above reasoning depended on the speed and accuracy of the task to be per
formed using the gripper system. The following factors were found to affect the iden

tified decision parameters:
1. the noise and uncertainty in the signal,
2. the number of sensors involved in the task,



114

sensor #1

sensor #2

sensor #3

sensor #4

�����������r�����<c .....:..:....:.:.: ...:.. :.:.. :.:..:.:....:.;.:.. :.:.:.:.:...:.:.:....:: ..:....:..:.:....:...:....... :.:...:.:.:...:...:...:.....:....:.:.:....:: ..:.

sensor #5
sensor #6

sensor#?

sensor#S
:...:.:.:::.:.::.�.:.:.:.: ..

o 500 2500 3000

Time (msec)

Figure 6.2: Transitions during the releasing operation
3. the time available for decision making,
4. the desired accuracy and margin of tolerance, and

5. the ease of implementation and on-line operation.
The impacts of the above factors on a decision formed from a tactile image, were inves

tigated.

Noise in the acquired dynamic forces was a major contributor of uncertainties. The

effects of noise and uncertainty in the force signals manifested themselves in the form of

transitional uncertainties in the force image. The technique to reduce the uncertainties
and the various criteria which were considered for determining an optimum pre-filter
were outlined in the last chapter. The influence of other factors is discussed in the fol

lowing sections.
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6.2.1.1. Number of sensors

In the prototype gripper system, eight tactile sensors were mounted on the surface of

the parallel jaws of the gripper. The location of the sensors with respect to the jaws
remained fixed. The tactile image formed using a tactile sensing system with n sensors,

consisted of an array of (n+1) columns in which the first column indicated the time at

which the dynamic forces on the eight sensors were acquired, and the other n columns

contained the primitive values of forces at the sensing sites. The time needed to evaluate

the chosen set of decision parameters from a tactile image was proportional to the size of

the image, and hence proportional to the number of sensors measuring dynamic forces.

For the prototype system, the total number of sensors was small and fixed, Therefore, all
the sensor data were used to determine the decision parameters. In a gripper having a

large number of sensors, it would be possible to select those sensors which are actively
involved in measuring forces at any time.

6.2.1.2. Time constraints and error tolerance

These two factors were the most complex to determine for a practical system. To
determine the time constraints, the primary time consuming operations involved in deci

sion making were considered and analyzed. For an on-line operation, the size of the

moving average pre-filter determined the time required before initiating a decision

process. For example, if a window size of 5 points wass used for the pre-filter, then it
was necessary to wait until at least 10 samples of force data had been acquired. Larger
window sizes required more sampled data before a tactile image could be formed and

interpreted. To perform tasks using the prototype system, the sampling rate used was 1

KHz; therefore, a 5-point pre-filter caused a minimum of 10 ms waiting period before the

decision parameters could be evaluated. However, for the purposes of establishing the

general applicability of the task oriented procedure, stored force data were used. The data

obtained from a 4 s task wer partitioned into 40 blocks, each containing 100 measured

force values per sensing site. A data block consisting of 100 samples of data per sensing
site was used to form tactile images. Therefore, the size of the window used for the

moving average filter was not of much significance as far as time constraints for decision

making was concerned.

The accuracy of a decision also depended on the inter-threshold range. Since the

decision parameters were obtained from a tactile image, the effects of inter-threshold

range on the accuracy of a decision were similar to the effects of this range on a tactile

image. While this range should be greater than the average noise and uncertainty levels,
it should be small enough to enable detection of status changes within a reasonable time.

The different nonlinearities of the tactile sensors further modified the ranges unequally;
however, the value selected for the inter-threshold range based on accuracy considera

tions of a tactile image, namely, 0.5 N, was found to be reasonable for the purposes of
this investigation.
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A factor which affected both the time to form the decision parameters, and their

accuracy, was the occurrence of uncertain transitions in combination with certain tran

sitions. In general, when eight sensors were involved in a task, if more than one sensor

experienced changes in forces resulting in transitions in the corresponding primitive
values, none of them measured transitions at exactly the same instant. As well, the type
of transitions (i.e. positive or negative) measured by the different sensors were also

generally different. This may occur due to several reasons: the elastic nature of the com

pliant backing used in the fingers could have resulted in a reaction force at one or more

sensors, or small movements of the object relative to the gripper might have caused

delayed transitions at one or more sensing sites. Also, the object may not be truly perpen
dicular to the jaws of the gripper, or the object may be irregular in shape. The noise and

transitional uncertainties also contribute to this behaviour. Therefore, to reduce the ef
fects of these types of image noise, it was necessary to devise a method to identify "real"

transitions resulting from a true increase or a true decrease in the sensed force from those

caused by the image noise and other effects. For this purpose, a known amount of hys
teresis was added at every observed transition point. The hysteresis was incorporated in
the form of a "dead band", which was a predefmed time duration at the transition point on
the task time axis. Two values of the total gripper force, one measured at the identified
transition point and the other measured at a point immediately after the dead band time

period, were used to identify the real transitions. The time separation for a dead band

was specified in terms of the number of sampled data points (for example, 10 ms cor

responded to 10 points at 1 KHz sampling). The filter designed to incorporate hysteresis
using the above technique was called the "dead band" filter,

6.2.1.3. Implementation issues

The decision filter was designed to determine the set of decision parameters from a

tactile image. Since it was also required to be implemented on-line, the number and the

complexity of computations involved in the filtering were kept to a minimum. From the

point of view of software compatibility for the purposes of integration, the filter was im
plemented using the same software package used for the tactile imaging. The library
routines available in the MATLAB package were found to be suitable for the various

steps involved in the decision making. Some of the readily available functions in MAT
LAB were modified and used in the decision filter. The detailed design and implemen
tation of the decision filter are described in the following section.

6.2.2. Requirement specifications for the decision filter

The main requirement specifications for the decision filter were formulated. Given a

tactile image, the decision filter had to determine the following parameters:
1. the positive and negative transition points (in the time axis),
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2. the number of sensors reporting positive and negative transitions, and

3. the cumulated sum ofprimitve values in each row.
After identifying the transitions, the decision filter had to separate the true positive and

negative transitions by using a dead band filter with pre-defined hysteresis. Thereafter, it
had to obtain the seven decision parameters, and store them in appropriate files.

6.2.3. Decision parameters

The parameters to be determined by the decision filter were selected so that the task

status could be evaluated from the dynamic force data acquired during an on-line task.

Out of the seven parameters, four decision parameters were used to form decisions about

grasping forces. They were the grasped level, the released level, and the two sensor con

fidence factors associated with the grasped level and the released level respectively. The

three parameters which were used to form decisions about relative object displacements
were the transition times, the dynamic object displacement, and the static object displace
ment.

Both the grasped level (GL) and the released level (RL) counters were initialized to

zero at the beginning of a block of data (i.e. at time t = 0), which consisted of 100 points
of measured data from each of the eight sensing sites. Every time a real positive tran

sition was identified, the force decision parameter, the grasped level (GL) , was in

cremented. Similarly, every time a real negative transition was identified, the parameter
released level (RL) was incremented. By continuing this operation for every identified

real transition, by the end of the 100-point block, the values of GL and RL represented
the total number of graspings and releasings identified within the interval corresponding
to the block of data (i.e. 100 ms for a block containing 100 data points). For every data

block, the sensors which measured positive and negative transitions were identified and

used to calculate a sensor confidence factor using the relation

no. of sensors

Confidence factor = 100 x showing n;nSition .

total no. 0 sensors
(6.1)

In Equation (6.1), the sum of those sensors which measured positive transitions was used

to calculate a sensor confidence factor for grasping and the sum of those which measured

negative transitions was used to obtain a sensor confidence factor for releasing within the

block.

In order to determine the object displacement parameters of the task status decision,
the real transition points were first identified. For every real transition point, the cor

responding location of the sensor which measured that transition was noted. Since the
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sensor locations were fixed, it was possible to determine the direction in which the object
had moved relative to the gripper, by observing the nature and location of successive
transitions. In addition, those sets of transitions which occurred within the established
dead band time interval were used to obtain the dynamic displacement of the object rela
tive to the gripper fingers. The set of transitions which were outside the dead band inter
val were used to determine the static object displacement relative to the gripper.

6.2.4. Design and implementation of the decision niter

The design of a decision filter to satisfy the above requirements was carried out

using a set of software modules. Since the filter had to process actual data using an

intuitive logic, the design and implementation steps were carried out side by side. That is,
each functional module was designed, implemented, and tested using real data acquired
during grasping and releasing of a sample object, before combining with the next module.
At the end, the filter was testedagain to evaluate its performance.

The decision filter which determined the seven decision parameters consisted of two
sections: the first section determined the transition points and the sensors which
measured the transitions in terms of the primitive forces. The following section processed
this information to assign values to the seven decision parameters. The process diagram
of the decision filter, which is shown in Figure 6.3, lists the various modules, and the

sequence in which they were accessed.

The filter loaded a typical tactile image consisting of a 100 by 8 array of force

primitive values, and scanned the array to identify the instants at which the primitive
values changed. These transitions times from the image were stored. The positive and

negative transitions were separated and the total number of sensors measuring positive
and negative transitionswas calculated.

The dead band filter was applied to every identified transition. This filter first deter
mined the value of cumulated force primitives in the image, obtained by adding all the

primitive values in each row of the image data array. This cumulated primitive value

represented the total instantaneous gripper force. This instantaneous gripper force was

used to identify a real transition, 3:S explained in the following example. Suppose the first
transition that occurred in a tactile image was a positive transition at a time, t = 20 ms.

The value of the cumulated force would have been incremented at t = 20 ms. If a dead
band equivalent to 10 sample periods, i.e. 10 ms was selected, then the dead band filter
determined the value of the cumulated force at a time t = 30 ms. If the value of the cumu
lated force at 30 ms was higher than the corresponding value at t = 19 ms, then the tran

sition at t = 20 ms was identified to be a real positive transition. Otherwise, itwas con

sidered to be an unconfirmed transition. Similar logic was used to determine a real nega-
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tive transition. In this manner all the real or confmned transitions were determined from a

tactile image.

At every confirmed positive transition, the value of the force decision parameter
"grasped level" (GL) was incremented and at every confmned negative transition the

value of the parameter "released level" (RL) was incremented. In a single tactile image,
the sensors which measured one or more positive transitions were identified and their

sum, expressed as a percentage of the total number of sensors taking part in the task, was
evaluated to give the sensor confidence factor for grasping. In a similar manner. the

number of sensors which measured one or more negative transitions was determined and

expressed as a fraction of the total number of sensors, to obtain a value for the sensor

confidence factor for releasing.

The two object displacement parameters, static and dynamic object displacements,
were determined in the following way. The transitions which occurred in all of the eight
sensors were identified before applying a "displacement classification" rule. In this rule, a
set of displacement transitions were first identified. A displacement transition set was

defined as a set consisting of two transitions of opposite types. According to the dis

placement classification rule, if a displacement transition set occurred within the dead

band time period (expressed in terms of the number of sampled data points), then the

object was considered to have moved "dynamically" from the sensor location which in

dicated the first transition to the sensor location which indicated the second transition. If
the displacement transition set occurred over a period greater than the dead band time,
then the object was considered to have moved "statically". An identified dynamic dis

placement was denoted by "dod" and an identified static displacement was denoted by
"sod". For example, suppose a tactile image showed transitions at time t = 24 ms and at t
= 30 ms measured by two sensors, sensor # 2 and sensor # 6 respectively, If the first

transition at t = 24 ms was a confirmed negative transition and the other transition at t =

30 ms was a positive transition, then the two transitions at t = 24 and 30, constituted a

displacement transition set. The object displacement in this case was classified as

dynamic displacement (dod) if the selected dead band was 10 ms (or 10 samples, at a
sampling rate of 1 KHz) but it was classified as static displacement (sod) if the selected

dead band was 5 ms. The direction of displacement in either case was determined from

the spatial distribution of the sensors. Table 6.1 shows the displacement directions for the
spatial distribution of sensors depicted in Figure 6.4 defmed with respect to the gripper
jaw frame. This was the spatial arrangement of sensors that was used in the prototype
gripper system.

The decision filter was implemented using the MATLAB [109] software library
routines and a set of independently obtained grasping and releasing data were used to

analyze the filter performance.
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Figure 6.4: Spatial distribution of sensors on the gripper fingers •

Table 6.1: Assignment of direction of displacement under different conditions.

Sensor # showing Sensor # showing Direction of
negative transition positive transition displacement

lor2 30r4 East
lor2 50r6 South
lor2 7or8 South east
30r4 lor2 West
30r4 50r6 South west
30r4 7or8 South
50r6 lor2 North
50r6 30r4 Northeast
50r6 7or8 East
7or8 lor2 North west
7or8 30r4 North
7or8 50r6 West
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6.2.5. Analysis of fllter performance

The actual force data obtained from the case study described in Section 6.2 was

used to determine and evaluate the performance of the decision filter. To recapitulate, the
data for the case study were acquired during independent grasping and releasing tasks of
a sample object, with each operation lasting for 4 s. The tactile image obtained consisted
of a 4000 by 8 array of force primitive values for each type of task. The image was

divided into 40 consecutive blocks, each containing an array of 100 by 8 primitive
values.

The data from the grasping operation and the releasing operation were separately
used to determine the effectiveness of the decision filter. The force data were filtered
with the 5-point moving average filter, and the tactile images obtained were processed by
the decision filter using a 10-sample dead band. In each case, the grasped levels, GL, and
released levels, RL, determined by the decision filter from each block of data, were suc

cessively cumulated. In the test which used the grasping data, the cumulated grasped
level was plotted as a function of task time, and in the test which used the releasing data,
the cumulated released level was plotted. The resulting curves are shown in Figure 6.5.
The cumulated grasped level is seen to increase monotonically in the curve which used

grasping force data. In a similar manner, the cumulated released level decreases

monotonically with a few exceptions, using releasing data. These results substantially
validate the procedure used to determine the grasped and released level parameters from
actual force data. These results also show that the decision parameters, grasped level and
released levels, are useful parameters to determine the task status during grasping or

releasing operations.

In order to validate the decision filter parameters, the corresponding variations of
total gripper force, determined from the cumulated force primitives of the tactile image,
were obtained from the grasping and releasing data. These variations were plotted as a

function of task time in Figure 6.6. If it is assumed that a grasping task should always
indicate progressively increasing grasped levels and a releasing task should indicate

progressively decreasing grasped levels, the following inferences may be drawn from the
decision filter parameters.

By comparing Figures 6.5 and 6.6, it can be clearly seen that in the case of a grasp
ing operation, the decision parameter, GL, indicates the status of the gripper correctly in
13 out of 15 occasions and incorrectly in only 2 occasions. From the releasing data, the
correct status was inferred in 10 out of 12 instances. It is clear that the decision filter

helps to remove a majority of the ambiguities present in the cumulated force data by
eliminating most of the incorrect transitions that can be seen, for example, in Figure 6.6.
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Figure 6.S: Cumulated grasped levels and released levels obtained from the deci
sion filter using grasping data and releasing data

The resolution of the decision parameters was directly related to the resolution of

the tactile image, i.e. the inter-threshold range. Larger inter-threshold ranges (i.e. > 0.5

N) might be suitable for heavier objects. Smaller values of threshold ranges were found

to increase the transitional uncertainties, thus increasing the image noise which resulted
in a larger number of incorrect decisions.

The processing time, that is, the user cpu time required to implement the decision

filter, depended on the number of data points to be considered in each block and on the
size of the dead band filter. Four different dead bands were tried in an attempt to deter
mine an optimum size to be used to obtain decisions from a tactile image. In each case

the plot of the cumulated grasped levels as a function of time was used to determine the

number of correct decisions. This information, in conjunction with the processing time
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Figure 6.6: Total gripper force during grasping and releasing •

taken by the decision filter when different dead bands were selected, was used to deter
mine the specifications for the dead band filter,

Using a 100-point data block, 4 dead bands of sizes 5 point, 10 point, 15 point, and
20 point were applied in the respective decision filters and the processing time was deter
mined using a program written in the tIC' language, This program accessed the decision

filter, which was implemented similar to an "m" file of the MA1LAB library routine, and
used the built in function, 'time', of the UNIX operating system to determine the user

time and the system time. The processing times required to implement the various deci
sion filters, which used different dead bands to process the data, were calculated by this

program and are shown in Table 6.2. The times indicated in the table represents an

average time for five repeated trials in each case. From this table it is evident that the

processing time of the decision filter varies with the size of the dead band. Therefore,
from a timing point of view, it was desirable to select the largest possible dead band
which could retain all the important transitions to enable proper task status determination.
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Table 6.2: Processing time taken by the decision filters which used various. sizes
of dead bands .

Size of the Total user Average user Total number Total system
dead band time to time to of floating time to

process 4000 process 100 point process 4000
points/sensor points/sensor operations points/sensor

5 points 241.9 s 6.0475 s 408035 6.1 s

10 points 242.1 s 6.0525 s 404549 6.5 s
15 points 263.6 s 6.5900 s 401215 6.3 s

20 points 236.7 s 5.9175 s 398071 4.7 s

The precise identification of all the major transitions which contained the task status
information was very difficult in an interconnected system such as the prototype gripper
system. Therefore, a combination of the filter processing time and the decision filter

output parameter behaviour were used to select the best size for the dead band. For this

purpose, the decision filter output parameters were evaluated for each of the four sizes of
the dead band filter, The grasping test data were used to obtain the cumulated grasped
levels in each case. The curves showing the cumulated grasped levels, when 5, 10, 15
and 20 point dead bands were used in the decision filter, were plotted as a function of
time. The curve for a 10 point is shown in Figure 6.7 and the curves for the 5, 15, and 20
point cases are shown in Figures C.1, C.2 and C.3 in Appendix C. From these curves, the
choice of a dead band size equal to 10 sample points appeared to be the most appropriate.
Larger sizes were rejected because they were likely to miss some of the important tran
sitions while the smaller size (5 point) was eliminated because of the resulting image
noise.

The fmal part of the analysis of the decision filter performance consisted of the
selection of the size of the data block. The size of the data block influenced both the time

to form a tactile image and the processing time taken by the decision filter to obtain deci
sion parameters from the image. The latter was calculated for data blocks of different

sizes, using the program described earlier in this section. The decision filter was used to

process tactile images obtained from data blocks of sizes 30, 50 100 and 200 points and

the results are shown in Table 6.�. A lO-point dead band filter was employed in all the
cases.
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Figure 6.7: Cumulated grasped levels obtained using a 10 point dead band in the
decision filter,

The choice of a block size depended on a number of factors which affect the overall

process. However, the effect of the processing time for a decision filter when blocks of
different sizes were used was determined from Table 6.3. It is clear that the processing
time varies with the size of the block. However, the block size is also seen to influence
the values of the decision parameters, which are calculated block-wise. To study these

effects, the same technique which was used to identify the dead band filter size was used.
The cumulated value of grasped level, GL, was obtained using the grasping data and

plotted as a function of task time. The plot corresponding to a 100 point block is the same

as the curve shown in Figure 6.7. The plots corresponding to three other cases, i.e. data
blocks of sizes 30 point, 50 point, and 200 point, are shown in Figures CA, C.5 and C.6

respectively, in Appendix C. From these plots, it was concluded that to process the data
obtained from the tests conducted using the prototype gripper system, uniformly sized
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Table 6.3: Processing time taken by the decision filter for different block sizes of
data.

Block size Type of Total user Average user Total number Total system
operation time to time to of floating time to

process 4000 process 100 point process 4000
POints/sensor points/sensor operations points/sensor

30 Grasping 241.5 s 1.8158 s 373145 4.8 s

50 Grasping 246.8 s 3.0850 s 391226 4.3 s

100 Grasping 237.9 s 5.9475 s 404549 5.1 s

200 Grasping 242.5 s 12.1250 s 412056 3.7 s

30 Releasing 210.6 s 1.5835 s 348038 4.7 s

50 Releasing 239.8 s 2.9975 s 364343 4.3 s

100 Releasing 216.6 s 5.4150 s 376284 3.8 s

200 Releasing 225.4 s 11.2700 s 383012 3.5 s

data blocks containing 100 by 8 points of data was the best choice. The dead band
selected for the decision filter, as determined earlier, was 10 points, or 10 ms at the 1

KHz sampling rate.

6.3. Interpretation of the decision parameters

The decision filter output for both the grasping and releasing types of tasks con

sisted of a set of seven decision parameters -obtained from each block consisting of 100
points of data per sensor. Therefore, a 4 s task yielded 40 sets of decision parameters.
Table 6.4 shows the decision parameters obtained using the grasping data from the case

study, and Table 6.5 shows the same parameters obtained from the releasing data in the
case study.

For both types of data, the decision parameters GL and RL obtained from each
block show similar levels in many cases. The likely source of this behaviour was at

tributed to the flexible rubber backing provided in the gripper fingers. The equal values
shown for GL and RL had been considered in the formulation of the force decision

parameters by way of defining two other parameters, the sensor confidence factor for

grasping and the sensor confidence factor for releasing decisions. The behaviour of the
decision parameters, GL and RL, confirmed that it was necessary to determine the two

sensor confidence factors for every data block.



128

Table 6.4: Decision parameters from the grasping data •

Time period, Transition Cumulated Cumulated Sensor conf. Sensor #
ms points, ms grasped level released level factor, % showing trans.

0-100 23 0 1 12.5 7
100 - 200 -- 0 0 100 --

200 - 300 -- 0 0 100 --

300 - 400 338 0 1 12.5 7
400- 500 422 0 1 25 4,7
500 - 600 -- 0 U 75 --

600-700 638 0 1 12.5 4
700 - 800 -- 0 0 87.5 --

800 -900 870 0 1 12.5 7
900 -1000 -- 0 0 87.5 --

1000 - 1100 1054 0 1 12.5 7
1100 - 1200 1171 1 0 12.5 4
1200 - 1300 1273 0 1 12.5 7
1300 - 1400 1385 0 1 12.5 7
1400 - 15uu -- 0 0 87.5 --

1500 - 1000 1541 U 1 12.5 7
1600 - 17uu 1617 0 1 12.5 7
1700 - 1800 -- 0 U 100 --

1800 - 1900 1818, 1836 1 1 25/25 1,7
1900 - 2000 1907, 1961 1 1 25/12.5 4,7
2000 - 2100 2023 0 1 12.5 7
21UO - 2200 2125,2138 1 1 12.5/12.5 7
2200 - 2300 2286 0 1 12.5 7
2300- 24uu 2363 0 1 25 1,7
2400- 25uu 2471 0 1 12.5 7
2500 - 2600 2525,2556, 2 2 25(25 2,7

2569, 2581
2600 - 2700 2605,2649 1 1 12.5/12.5 7
2700 - 2800 2713 1 0 12.5 7
2800- 2900 -- 0 0 100 --

2900 - 3000 2929,2953 1 1 25/12.5 1,8
3uuu - 3100 3076 1 0 12.5 8
3100 - 3200 3114, 3119 3 1 37.5 /12.5 1,4,8

3133, 3135
3200 - 3300 3246 1 0 12.5 8
3300 - 3400 3319, 3333 1 1 25(25 1,6
3400- 3500 -- 0 0 100 --

3500- ssoo 3523, 3583 1 1 12.5 4
3600 - 3700 3664 1 0 12.5 1
3700 - 3800 3787 0 1 12.5 6
3800-3900 3839,3869 1 1 25/12.5 2,6
3900- 4000 -- 0 0 100 --
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Table 6.5: Decision parameters from the releasing data .

Time period. Transition Cumulated Cumulated Sensor conf. Sensor #
ms points, ms grasped level released level factor, % showing trans.

0-100 -- 0 0 100 --

100 - 200 -- 0 0 100 --

200 - 300 255 1 0 12.5 7
300 - 4uo 358, 381 0 2 55 7
400 - 500 -- 0 0 87.5 --

500 - 600 -- 0 0 IOU --

600 -700 -- 0 0 1UO --

700 - 800 730 1 0 12.5 7
800 - 900 839 1 0 12.5 7
soo -1000 906,983 1 1 25{l5 2,7
1000 - 1100 1005, 1006 2 1 25{l5 1,7

1048
1100 - 1200 1133 0 1 12.5 7
12uu -1300 -- 0 0 100 --

BOO- 1400 -- 0 0 87.5 --

1400 - 1500 -- 0 0 100 --

150U -1600 1531 0 1 12.5 2
1600-1700 -- 0 0 100 --

1700 - 1800 -- 0 0 100 --

1800 - 1900 -- 0 0 87.5 --

1900 - 2000 1914 0 1 12.5 7
2000 - 2100 -- 0 0 100 --

2100 - 2200 -- 0 0 100 --

2200 - 2300 2225,2251 1 1 12.5/12.5 4
2300 - 2400 -- 0 0 100 --

2400 - 2500 -- 0 0 100 --

2500 - 2600 2515 0 1 25 2,4
2600- 2700 -- 0 0 lOU --

2700 - 2800 -- 0 0 100 --

2800- 2900 -- 0 0 1uu --

2900 - 3000 -- 0 0 100 --

3000 - 3100 -- 0 0 100 --

3100- 3200 -- 0 0 100 --

3200 - 3300 -- 0 0 87.5 --

3300 - 3400 3329 0 1 12.5 1
3400 - 3500 3415 0 1 12.5 1
3500 - 3600 -- 0 0 100 --

3600 - 3700 -- 0 0 1uu --

3700 - 3800 -- 0 0 100 --

3800-3900 -- 0 0 100 --

3900- 40uu -- 0 0 100 --
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A suitable strategy to interpret the decision parameters was considered with anob

jective to obtain a set of task status decisions. The force decisions of the gripper task
status were originally defmed to indicate whether an object was being grasped or released
during the performance of a task. To confirm the task status decisions associated with the

gripper forces, obtained in the above manner, the two identified displacement parameters,
static and dynamic object displacements, along with the identified real transitions could
be used. By interpreting .the two object displacement decision parameters, the displace
ment of the object which had occurred in the immediate past could be identified. This
were included as displacement parameters of the gripper task status.

The interpretation of the force decisions and object displacement decision

parameters had to indicate the overall task status of the gripper during different con
ditions of grasping and releasing objects. The interpretations also had to enable a user to

obtain a task status decision from the dynamic force data acquired using the prtotype
system, such that, by examining the values of the grasping and releasing levels, along
with their associated confidence factors, from each block of data, it should be possible to

generate the next step in the task. That step could be either to increase the gripper force,'
or to decrease the gripper force, or to retain the existing level of gripper force. The

reasoning logic required to interpret the seven decision parameters in order to determine
the task status parameters (both force decisions and the object displacement parameters)
was developed by investigating the decision parameters from a single block of data,
representing a 100 ms time interval.

From observation of the data from several graspings and releasings, a maximum of
four transitions were observed to be appropriate to form task status decisions from each
data block. If there were more transitions, the data were considered too noisy to extract

useful task status parameters. Therefore, within each block, depending on the number of

transitions, the grasped level, GL, and the released level, RL, were allowed to take values

ranging from 0 to 4.

During the performance of a task, the decision parameters from a single block could
represent any of the following three situations:

1. Category 1 - 0 transition case, where both the cumulated grasped level, GL,
and the cumulated released level, RL, were 0,

2. Category 2 - 1, 2, 3, or 4 transition cases in which there was either a pure
grasping or a pure releasing, indicated by GL > 0 and RL = 0, or GL = 0
and RL > 0, and

3. Category 3 - all cases which exhibited both a cumulated grasped level be
tween 1 and 3 and a cumulated released level between 1 and 3.

The task status indication for the category 1 decision parameters should indicate that
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the gripper state was.unchanged during the time period corresponding to a specific block.
The status indication for the category 2 decision parameters should be that the gripper
was either grasping or releasing the object, with no noticeable slip between the object and
the gripper, and in the third case the task status should indicate the presence of both

grasping and releasing operations within the block. The last case could be further inter

preted by a user to denote the presence of slip during grasping or releasing.

The various combinations of GL and RL which have to be considered in a four tran
sition case are: one for Category 1 decision parameter, two for Category 2 parameters,
and twelve for Category 3 parameters. In a similar manner, the combinations for three,
two, and one transition cases also have to be considered.

Clearly, interpretations of the seven decision parameters in the various combina

tions, required a reasoning technique which could be readily incorporated into a computer
program. It was decided to design and build an expert system for this purpose. To reduce
the development time, a restricted number of commercially available expert system
development tools was evaluated for suitability. The expert system was designed and
built using the KES expert system shell, and was called the "Task Status Indicator" (TSI)
expert system. The choice of the KES shell for the development of the TSI expert system
was based on its features, which included the facility to embed the expert system as a part
of an integrated "C" language program, the availability of three types of inferencing
mechanisms, and user friendliness.

6.3.1. Design considerations for the expert system

An expert system was used to provide the capability to incorporate symbolic
representation of facts, data and heuristic knowledge into the task oriented tactile sensing
software package. The expert system development tool contained the methods by which
the knowledge was represented in the expert system; the knowledge itself had to be in

corporated by the designer.

In the design of the TSI expert system knowledge base, the facility to embed the

system as a part of an integrated program was important. This requirement arose because
the system had to interact with the tactile imaging program, the decision filter, and other
programs, which were developed and written in the "C" programming language. The
other attractive features of the KES tool were the facility provided to incorporate event-.
driven inferencing in combination with backward chaining, and the type of inferencing
mechanism which could be used to obtain decisions from incomplete knowledge. These
features of the KES tool will be elaborated in the next section.
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6.3.1.1. Requirement specifications

The first step in the design of the expert system was to analyze the requirements.
This was done by identifying the external requirements of the expert system, determining
the available domain sources, characterizing the end-user, and identifying the real-world

context in which the expert system will operate, The result of this requirement analysis
was a functional specification that stated the known inputs and outputs, the knowledge
representation, and the inference requirements of the expert system. This functional

specification was used as a guideline to select the inference engine, and in the construc

tion of an attribute hierarchy. The detailed explanation of the above aspects are given in
the KES Knowledge Base Author's Manual [107]. A brief description of the available

inferencing mechanisms and the knowledge representation technique in KES are given
below.

6.3.1.2. Inferencing mechanisms and the knowledge representation technique

The inference engine controls the use of the knowledge in the knowledge base,
functioning the way a human expert does when solving problems and making decisions.
Once the requirements of the expert system were analyzed, the domain knowledge
characteristics could be determined. This influenced the choice of an inference engine
which depended on the form of knowledge in the domain and the type of reasoning
process an expert might use to reach the desired goals.

The KES software provides three types of inference engines: Production rules (PS),
Hypothesize and Test (HT) and Statistical Reasoning (BAYES). All of the three in

ference engines use a similar goal-directed approach (backward chaining) in making in
ferences. The pursuit of a goal drives a typical expert system session. KES also performs
event-driven (forward chaining) inferencing in which the expert system responds to the
occurrence of an event rather than pursuing a goal. An "event" in KES corresponds to the

assignment of a value to an attribute. An event can cause other events to occur, which
can result in forward chaining.

The main purpose of the expert system based on the KES tool is to determine the
values of one or more inferred attributes. The attributes are used to represent knowledge
about a domain. Domain knowledge consists of facts about the domain and the relation

ships between the facts. In KES, an attribute represents some piece of knowledge such as

a fact or characteristic of a domain. The attributes section of the knowledge base contains
these pieces of knowledge. An attribute is assigned a value which is either entered by an

end-user, or asserted in the actions section, read from files, or sourced from an embedded
interface. The attributes are classified into two types from the manner in which values
are assigned to them: inferred attributes and input attributes. The values assigned to

inferred attributes depend on the values of other input attributes. The relationship be-
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tween attributes are expressed in the externals and attributes sections of the knowledge
base- theseare the sections that influence attribute values. The range of valid values for
an attribute is the value set and it varies with the type of attribute. Some attributes can

have multiple values.

The inference engine uses an attribute's knowledge sources to determine an

attribute's value. Each KES inference engine has its specific knowledge sources and a

few common knowledge sources. For HT, Descriptions are the specific knowledge
sources and the Default or Calculation clauses and External programs are the common

knowledge sources.

In the goal-directed (backward chaining) method of reasoning, the expert system
attempts to obtain a value of a goal attribute by following an attribute hierarchy. A typi
cal attribute hierarchy is shown in Figure 6.8, in which the goal attribute and the input
attributes are shown.

The link between the attributes corresponds to the method of assigning a value to

the attributes. The inference engine, in a backward chaining process, works its way down
the hierarchy, seeking the values of input attributes if necessary, then works its way up
the hierarchy, inferring the values of non input attributes as it ascends. The difference
between the three inference engine types are in the way knowledge is represented and the
way information is processed. A PS inference engine uses production rules to represent
knowledge, while a BAYES inference engine performs statistical pattern classification
based on Bayes' theorem. A KES HT inference engine implements a hypothesize-and
test approach to problem solving. That is, it reasons through formulation of an hypothesis
and' its subsequent verification. This technique is similar to the abductive reasoning
process used in mathematical logic theories. HT determines the smallest number of
causes, represented by 'descriptions' in the knowledge base, that explain all known
manifestations of the problem of interest. This concept is known as minimal set

covering and will be discussed further in the next section.

6.4. The Task Status Indicator Expert System

The input parameters to the expert system were the set of seven decision parameters
obtained by processing the tactile images. On-line determination of task status consisted
of interpreting the decision parameters in such a way that the interpreted results could be

easily analyzed and used to determine control actions for the gripper. For this purpose, a
parametric form of task status identification was considered. The behaviour of the seven

decision parameters was analyzedwithin a specified data block in order to formulate the
task status in terms of quantifiable task parameters. The result of the analysis was used to
select the following task status parameters: the grasped level, the released level, the con-
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Activate Task Status Indicator Expert System

Read Communication Files

Fire Demons to Obtain TS Parameters

Figure 6.8: A typical attribute hierarchy
fidence level for grasped decisions, the confidence level for released decisions, the

dynamic object displacement and the static object displacement. These parameters could
be assigned values by the TSI expert system based on the seven decision parameters ob
tained using the decision filter.

To design the TSI expert system, the following external requirements were for
mulated. The expert system to be designed was required to:

1. determine a confidence level for each decision based on the relative
strengths of the grasped and released levels and their associated sensor con

fidence factors obtained from each set of decision parameters,

2. interpret the static and dynamic displacements in every block, in such a way
that it was possible to assign a specific direction to the object movement
relative to the gripper,
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3. determine the task status in terms of selected quantifiable parameters which
could be accessed by a second expert system to determine the necessary
control actions to complete the task successfully, and

4. serve as a friendly user-interface to report the task status in terms ofEnglish
language descriptions so that the user will be able to easily understand the
status of the task

The available domain sources for the expert system essentially consisted of human
intuitive reasoning based on engineering judgment under similar circumstances. For ex
ample.jfthe gripper status indicated a progressively increasing released level in the deci
sion parameters obtained from successive blocks, then a human was likely to decide that
the object was slipping from the gripper. In a similar manner, if a number of grasped
levels were found during a releasing task, then the most likely decision would be that the

object was being regripped after a possible slip.

The expert system was integrated into the application software developed for the
Sun 4/110 workstation environment-The transfer of information to and from the expert
system was through communication files which used the designated KES format to per
form read and write operations. The decision-making in the expert system was restricted
to normal cases of object handling situations. To ensure quick response from the expert
system, it was embedded into an integrated computer program which performed all the

steps of the task oriented procedure.

Out of the three methods of inferencing supported by the KES tool [101], the

Hypothesize and Test (HT) method was selected. Though many factors affect the selec
tion of an inference engine, the choice depended largely on the characteristics of the
available inputs,and the desired outputs. A Production rule-based inference engine (pS in

KES) is suited for those expert system applications where the domain knowledge is al

ready in the form of, or is readily translatable to, branching logic, or if••then rules. The
BAYES engine is useful in situations where there is a large body of pre-existing data that
is expressed as probabilities. This pre-existing data is usually based on quantitative data
collected in previous cases, or based on an expert's judgment of the likelihood of certain
events. BAYES provides an empirically reliable inference process, as long as the data are

sufficient.

HT is suited for applications when minimal set covering is appropriate. In the min
imal set covering method ,of inferencing, the inference engine considers all of the avail
able knowledge sources, and arrives at a set of possible decisions which are ranked ac

cording to the certainty factor assigned to the decisions. The decision which
.

was

evaluated using the most of the dependent attributes is given the largest value of certainty
factor.
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In HT inferencing, knowledge is represented using frame-like descriptions. Each

description consists of a collection of statements related to the domain. In an HT

knowledge base, it was possible to attach an estimate of how likely a particular event was
likely to occur. These symbolic certainties were subjective, non-numeric likelihood in
dicators classified into five categories.always, high, medium, low and never. They
provided a means for categorically including or excluding information from the inference

process, and a way for the HT inference engine to rank competing probabilities.

An HT inferencing is appropriate to applications where:
1. inputs are not statistically independent,
2. outcomes are not mutually exclusive,
3. outcomes require only a best available solution (minimal set covering),
4. the outcome is a subset selected from a possible set of solutions,
5. multilevel hierarchies are needed,

6. automatic search and question pruning capabilities are required, and
7. event-driven inferencing is required.

.

Since the desired outcomes and the inputs to the TSI expert system satisfied most of these
characteristics, an HT inference engine was selected for the TSI expert system.

Development of the TSI expert system to interpret the decision parameters consisted
of first developing a knowledge base with rules formulated to assign symbolic values to a

set of pre-defined attributes. The formulation of logical rules to assign values to the task
status parameters was primarily based on heuristic reasoning. The design and develop
ment of the knowledge base is described in the next section.

6.5. Design and development of the TSI knowledge base

The most important task involved in the design of the knowledge base was to relate
the attributes and the knowledge sources through the structure of the knowledge base, so
that known information was used to infer attribute values and solve the problem ad
dressed by the expert system. Attributes were linked to one another by an is inferred
from relation. An attribute whose value was inferred from a knowledge source depends
on the attribute(s) used by the knowledge source. An attribute hierarchy, which was a

conceptual way of relating attributes in a domain, was developed using the input
parameters to the expert system. The hierarchy identified which attributes had to be used
to infer the values of others. At the top of the hierarchy was the fmal goal of the expert
system: the attribute representing the solution to the problem that is being addressed. For
the TSI expert system, two goal attributes, "result", and "dod/sod", were identified.. The
attribute "result" obtained the force decisions of the task status, and the attribute dod/sod
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determined the object displacement decisions of the task status. The goal attribute's
values were inferred from one or more attributes below it in the hierarchy. The bottom of
the hierarchy consisted of the input attributes whose values were obtained from
communication files, The sevendecision parameters were used as the input attributes in
the TSI knowledge base.

The TSI knowledge base was designed using sections, each of which contained or

manipulated domain knowledge. They are included in the following sequential order:
constants, text, attributes, externals, demons, actions. Each knowledge base section fol
lowed the general format:

name of the knowledge base section:

section contents
%

The constants section was used to store long or frequently used phrases as string
constants or numbers in numeric expressions. A constant referred to a string of text or a
number which was given a name. Subsequently, the name was used elsewhere in the

knowledge base. The text section was usedto provide detailed explanations to the end
user in the English language. The information to be displayed to a user was stored in the
form of textual attachments, which consisted of one or more strings of text with a given
name. The textual attachments were defined both for the knowledge base as whole as

well as for specific attributes. The attributes section contained the declarations of the
attributes represented in the attribute hierarchy. The attribute hierarchy designed for the
knowledge base will be described in Section 6.5.1.1. An attribute was assigned a value at

run time; the value held data specific to a end-user session with the expert system. In
order to communicate with or execute programs outside the expert system, an external
section was used. To send information to, or receive information from, an external

program communication files were used. The inference engine passed attribute values to

the other programs through the use of the interface created by the externals section. At
tribute values themselves were determined by the external programs, thereby becoming a

knowledge source for the specific attribute. For event-driven inferencing, demons were

employed. These performed actions triggered by events, ill the form: "when guard then

body". The guard of a demon. consisted of a set of conditions, and the body contained the
sequence of actions to be performed when the guard was satisfied. Though demons could
determine the values of attributes, they could not be used as knowledge sources, because

they were not executed by backward chaining.

The actions section was used to issue instructions to the expert system to control its

operation. Commands in the actions section displayed messages, prompted for infor
mation from the user, and set the goal attributes for the inference engine. The commands
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in this section were normally executed in a sequential order. However, provision was

made tomodify the sequence when it was required to be done.

The last step in the design process consisted of the identification of the portion of
the task to be performed under procedural control in order to determine the information
to be inferred from the rules and structure of the attribute hierarchy. The major events at

the end-user interface were included under procedural control. Procedural controls were

incorporated in the actions sections of the knowledge base. In the knowledge base, the
attributes section contained the descriptions that controlled inferencing. The control
structure was used to guide the inference process and provide the end-user interaction by
determining the order in which the expert system commands were executed. The actions
section of the knowledge base embodied the control structure and defined the form of
interaction with the end user and external programs. The control structure was first con

ceptualised using process diagrams. To facilitate easy understanding of the expert system
decisions, the explanatory texts were made available to the user using textual attach
ments. Once these design decisions were made, the next step in the development of the
knowledge base consisted of building the actual control structure and attribute hierar
chies. These served as the blueprint for the knowledge base structure of the expert sys
tem.

6.5.1. Implementation of the TSI expert system

6.S.1.1. Inferred attributes and the method of evaluation

The input parameters to the expert system were the set of seven decision parameters
obtained by processing the tactile image from a block of data. The behaviour of these

parameters within each data block was used to define the structure and dependencies of
the attributes. A maximum of four transitions was allowed for each data block consisting
of 100 consecutive data points per sensor. If there were more than four transitions, the
data were considered too noisy to extract useful task status parameters and the expert
system displayed this information to a user.

Within a block, depending on the number of transitions, the two force decision
parameters of the task status, the grasping level and the releasing level, could take values

ranging from 0 to 4. These five cases of transitions were handled separately using event
driven forward chaining rules. In each case, the decision parameters, the grasped level
and released level, were identified andwere weighted with the sensor confidence factor
for the respective decisions. The relative values of the decision parameters (the grasped
level and the released level) within each data block were used to determine confidence
levels for the task status force decisions.
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A typical decision hierarchy used for formulating an event-driven (forward chain
ing) decision, consisted of the decision parameters, GL and RL, grouped in such a way
that all the possible combinations of the two parameters could be identified and used to

formulate task status decisions. A typical decision hierarchy for a four transition case is
shown in Figure 6.9. In this Figure, GL and RL are the decision parameters obtained
from a single block. In a four transition case, all the three possibilities were considered:
(a) the case when GL was 4 and RL was 0, (b) the case when GL was 0 and RL was 4,
and (c) the case when both GL and RL assumed values between 1 and 3. The case (c)
was further classified into three possibilities in which different combinations of the num

ber of grasps, ng, and number of releases, nr were considered. Each subclass in case (c)
was classified into four cases in which the sequence of grasping, g, and releasing, r were
considered. Thus a total of 14 events were identified to obtain task status from the deci
sion parameters from a block with four identified transitions. Similar decision hierar
chies were formed for other cases which consisted of 1, 2 and 3 transitions in a single
block. The corresponding hierarchy diagrams were a subset of the four transition case

decision hierarchy shown in Figure 6.9. The total number of events identified for a 3
transition case was 8, for a 2 transition case was 4, and for a 1 transtion case was 2. A 0
transition case represented a single event when both g and r were O. The event driven

inferencing section of the knowledge base was built using a setof 5 demons to handle the

4, 3, 2, 1 and 0 transition cases. These together handled a total of 29 different possible
situations.

The case of a pure grasp (RL=O), or a pure release(GL=O) was distinctly defined in
all the cases. The event-driven decisions obtained by firing the demons were translated
into three symbolic categories of task status, one for each of the three categories listed in
Section 7.4.1.1. To distinguish between the decision parameters and the task status

parameters derived from the decision parameters, the terms "grasping level", and "releas

ing level" were used in the expert system implementation (to correspond to the grasped
level and the rleased level parameters). The categorization in terms of these parameters
incorporated in the TSI expert system were:

1. Category 1 - 0 transition case, where both the grasping level and the releas
ing level were 0,

2. Category 2 - 1, 2, 3, or 4 transition cases in which there was either a pure
grasping or a pure releasing, and

3. Category 3 - all other cases which exhibited both a cumulative grasped
level between 1 and 3 and a cumulative released level between 1 and 3.

It is evident that during the performance of a task, category 1 could result when there are

no transitions. The second case could result when there is no noticeable slip between the
object and the gripper, and the third case will be encountered when the object slipped
during grasping or releasing.
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4 Transitions

Legend

GL: cumulated grasped level within a block
RL: cumulated released level within a block
g: grasping, r:releasing

Figure 6.9: Decision hierarchy for a four transition case •

This task categorization was built into the knowledge base. using the backward

chaining hierarchy shown in Figure 6.10. Category 1 was independent of the type of task
and occurred only when there were no transitions within the data block. Categories 2 and
3 could occur for all the four cases of transitions and for both grasping and releasing type
of tasks. In order to represent the categories of task using attributes, four intermediate
attributes, "res2", "res4", "ostat1 ", and "ostatz" were created. These intermediate at

tributes were assigned values when any of the five demons, which performed event

driven inferencing, fired. The values assigned to these four attributes determined the cat

egory of the task and they influenced the values assigned to two other attributes, "res 1",
and "res3". The latter two intermediate attributes determined the value for the goal at
tribute "result" in accordance with the main attribute hierarchy of the TSI knowledge
base shown in Figure 6.11.

The attribute "result" characterized the gripper status based on the two decision

categories. The value for the attribute "result" was assigned a symbolic value 'results', if
the task belonged to a definite class.in which there was either no change in task status or

the task status could be definitely identified as grasping or releasing..The attribute
"result" was assigned with a value 'result 1 ' in all other cases which involved both grasp
ing and releasing within the data block.
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Goal attribute
"result"

Figure 6.10: Hierarchy to determine task categorization •

6.5.1.2. Confidence level for the grasping and the releasing decisions

Once the value for the attribute "result" was obtained, a confidence level was cal
culated for both the grasping and releasing decisions in a single block. The confidence
level for category 1 was always 100 % because it was a definite case of no change in the

gripper status. For categories 2 and 3, the confidence level for a grasping or releasing
decision was calculated based on the following considerations.

The decision filter determined a basic sensor confidence factor for the two

parameters, GL and RL, defined by Equation (6.1). Thus, for each data block, the frac
tion of sensors indicating positive transitions gave the value for the grasping confidence

factor, while those showing negative transitions contributed to the releasing confidence
factor. For the case with the maximum possible transition, i.e. 4, occurring within a

block, the situation reflects the maximum confidence in the decision. That is, in a 4 tran
sition case, if either GL or RL equals 4, then the confidence associated with the decision
that the task is grasping or releasing, should be equal to the maximum achievable con-
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force decisions
goal attributes

/
displacement decisions.

Figure 6.11: Attribute hierarchy for force decisions in the TSlknowledge base •

fidence level. With eight sensors taking part in the task (which was the maximum pos
sible using the prototype gripper system), a maximum value of 100 % would correspond
to a 4 transition case in which all the 8 sensors are involved in the task and all of them
measure a grasping transition at least once during the time interval of the block.

The decision parameter, defined as sensor confidence factor (SCF), was assigned
with a percentage value for every identified positive (grasping) and negative (releasing)
transition within a block. Therefore, in a four transition case showing all grasping tran

sitions, the decision parameter grasped level was 4 and the sum of the SCF's was 400 if
all the eight sensors showed grasping transitions. The resulting sum of SCF's was mul

tiplied by 1/4 or 0.25 in order to normalize the maximum value obtained for the con

fidence level to be 100 %. In cases where there were both grasped and released levels
within the data block, the respective SCF values were cumulated separately to determine
the confidence level for grasping and releasing within the block.

The mathematical formulation of this reasoning consisted of two equations for-
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mulated based on the following rule. If there is only one transition within a block, then
either GL or RL will have a non zero value. In this case, the strength of the decision is 1
out of a possible value 0[4. For a 1 transition case, the confidence level was determined

using the relation

Confl or Conf2 = SCF x 0.25 (6.2)
where SCF is the basic sensor confidence factor for the grasped level decision parameter,
or the released level decision parameter obtained from Equation (6.1). For 2, 3 and 4
transition cases, the confidence levels were given by

.

Confl =L 0.25 x SCFG,and (6.3)

Conf2 =L 0.25 x SCFS, (6.4)

where,
Confl = grasping confidence level,

Conf2 = releasing confidence level,

SCFG = sensor confidence factor for positive transitions, and

SCFS = sensor confidence factor for negative transitions.

The confidence level formulated in this way indicated two things about a decision: it
gave the strength of the decision in terms of the number of sensors reporting the same

type of transitions, and it graded each level with respect to a maximum possible value for
a specific system. For example, a grasping decision got a higher value of confidence level
if the decision filter parameters showed all 4 out of 4 transitions to be positive compared
to a case consisting of 2 out of 2 transitions, both of which are positive. In a similar

manner, the confidence level for grasping from a data block which had 3 transitions
showing 2 grasping and 1 releasing would be higher than the block which had 2 tran

sitions with 1 grasping and 1 releasing even if the SCF's in both cases were equal.

6.5.1.3. Object displacements

The object displacement information of the task status was determined using both
the static and the dynamic displacement parameters determined by the decision filter.
Within a block there were possibilities of both types of displacements occurring. In the
decision filter, all grouped transitions (displacement transition sets) occurring within the

pre-defined dead-band time period, tdb' were evaluated and used to determine the

dynamic displacement of the object. The resultant direction obtained for the parameter
"dynamic object displacement" (dobd), for a data block, was based on majority voting
scheme. This decision parameter was in the form of a four element vector in which the
resultant direction was encoded numerically. In order to interpret this vector, the
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knowledge base of the TSI expert system defmed four attributes, ddl, dd2, dd3, and dd4.
These attributes were assigned values by forward chaining, and they, in turn, determined
the direction of the dynamic displacement by assigning symbolic values to the attribute,
dod. The attribute hierarchy which was used in the TSI expert system to obtain the dis

placement decisions of the task status is shown in Figure 6.12.

force decisions
goal attributes
/'

displacement decisions

Figure 6.12: Attribute hierarchy for displacement decisions in the TSI knowledge
base.

If the displacement transition sets corresponded to a time period exceeding tdb' they
were identified as the parameter "static object displacement" (sobd). Since the number of
transitions considered per data block was limited to four, there could be a maximum of
two static object displacements per block, identifiable by the decision filter, Therefore,
the parameter, sobd, was a two element vector, with the elements identifying the direc-
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tion of the displacement. The direction of displacement was pre-defined in terms of the
eight directions shown in Figure 6.4.

The TSI knowledge base used a logic which interpreted the two static displacements
within each block to obtain a single decision with an assigned symbolic certainty value.
This logic was formulated to assign certainty values depending on the strengthening or

weakening characteristics of the two directions. The attribute hierarchy used to obtain the
static displacement status of the task is shown in Figure 6.12.

At the beginning of a session, the value of eachattribute in the knowledge base was

"undetermined". During the session, the value associated with an attribute became
"known" either because it was supplied by the end user or because it was determined by
the inference engine. If a value is unavailable for an attribute, or could not be inferred, its
status changed to "unknown". By identifying the status of the various attributes, it was
possible to isolate the error conditions during an expert system session. Textual descrip
tions of various error conditions were incorporated into the knowledge base.

Using the attibute hierarchies discussed above, the knowledge base for the TSI ex
pert system was built using the KES syntax. User-friendliness was given primary impor
tance by incorporating textual explanations at various stages of the decisions. To display
English language descriptions of the various decisions to a user, suitable messages were
used in the knowledge base design. In summary, the expert system first used event

driven forward chaining to determine the category to which a task belonged, and then
used backward chaining to obtain the decisions based on the Hypothesize and Test (HT)
method of inferencing [107]. The error conditions were also identified by the expert sys
tem and displayed to the user. The task status decisions were indicated in the form of

grasped level and/or released level, each with an associated confidence level. The two

types of object displacements were also displayed along with the sensing site locations
which had indicated transitions. The complete listing of the knowledge base developed
for the TSI expert system is given in a separate document [110]. To evaluate its perfor
mance, the TSI expert system, developed and implemented in a Sun 4/110 work station,
was tested in a stand alone mode using real data.

6.5.2. Performance evaluation of the TSI expert system

A typical object handling experiment consisting of grasping and releasing a sample
object was conducted and the dynamic force data was acquired in real time. A total time
of 4 s was allocated to each grasping and releasing task. The sample was first grasped
and then released. Both grasping and releasing were performed at the same uniform grip
per velocity of 7 cm/s. The forces on each of the eight sensing sites were sampled at 1000
Hz. The raw force data measured by the eight sensors and digitized and stored by the
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data acquisition system are shown plotted in Figure 6.13. In order to make comparisons,
data measured by all 8 sensors are plotted in the figure.

In these plots, the ordinate shows the raw digitized sensor outputs and the abscissa
is marked with the time of operation in milliseconds. Clear trends of grasping and releas
ing are evident in the plots pertaining to data from sensors 1,2,3,4 and 8.

The raw data obtained during the 4 s grasping and the 4 s releasing period were

divided into 40 blocks, each block consisting of 100 values of sampled data correspond
ing to a 100 ms time window. The decision parameters were-determined for each block as

described in Section 6.2, and these decision parameters were interpreted by the TSI ex
pert system to obtain the task status parameters in terms of force decisions and object
displacement decisions. These status parameters were displayed indicating the task status
at the end of every block of data. A typical expert system display obtained using the

grasping force data from two consecutive blocks, 17 and 18, is shown below:

A Typical Display of the Expert System Output

Task status from block 17

********************************************************

Knowledge Engineering System (KES), Release 2.5.
Copyright (C) 1988, Software Architecture & Engineering,
Inc.
Loading the knowledge base 'vkb24.pkb'.
********************************************************
Welcome to the Online Status Indicator Expert designed
by Vaidy. This expertwill determine the status of the
task from the dynamic forces acquired by a tactile
sensing system, it will display a confidence factor
for the decisions andwill indicate static and
dynamic object displacements. If you want to restart,
type 'n' in the direct question mode.
********************************************************

The object was statically displaced in Nodirection <a>
********************************************************

The object was dynamically displaced North <a>
********************************************************
Released to level 1
Confidence in releasing 6.25
Releasing by sensor 1 at 116 msec
********************************************************
Old data written in 'flletrans3'
********************************************************
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Figure 6.13: Raw force· diia measured by the 8· sensors of the prototype system
during grasping and releasing.of the sample •
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********************************************************

The object was statically displaced in Nodirection <a>
The object was not dynamically displaced <a>
********************************************************

There are no transitions, status = unchanged
Grasped to level 0
Released to level 0
********************************************************

New data successfully written in filetrans4
********************************************************
Do you wish to continue ?

1. yes
2. no

=?2
********************************************************

Type's' to stop
Ready for command: s

For the complete duration of the task, similar expert system output was obtained
from each block at intervals of 100 ms. The task status results displayed by the expert
system were summarized so as to present them in a tabular form as shown in Tables 6.6
and 6.7. Table 6.6 shows the expert system display obtained from the grasping force data,
and Table 6.7 shows the display from the releasing force data. The abbreviation 'Nadir'
refers to a case when there is no static object displacement. The term 'No' was used to

denote the absence of dynamic object displacements.

In order to visualize the performance of the TSI expert system, a graphical represen
tation of the task status could be obtained by dividing the status parameters into those

displaying force decisions and those displaying object displacement decisions. The
results pertaining to the parameters graspinglreleasing levels and their confidence (in %)
were plotted as shown in Figure 6.14 and those pertaining to the object displacements
were plotted in Figure 6.15. The time of operation of the task is shown on the X-axis.
The bar graphs indicate the task status of the gripper contact at all identifiable time in
stants when a change in the gripper contact state has occurred.

Both the grasping and releasing tasks have been depicted in the same Figure 6.14 to

readily illustrate the variation of the confidence level for the grasping level and releasing
level decisions. The higher confidence levels seen for grasping level decisions are evident
in the expert system decisions for the grasping task. Similarly, the releasing task shows a

higher confidence level for the releasing level decisions.
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Table 6.6: Summary of the task status determined by the TSI expert system from
the grasping data •

Block Unchd. Grspg. Relsg. Conf. Conf. Dynamic Static Decision
no. state level level level, level, displt. displt. correct?

grSpg. relsg.
1 0 1 0 3 No Nodir No
2 y 0 0 0 0 No Nodir Yes
3 v 0 0 0 0 No Nodir Yes
4 y 0 0 0 0 No Nodir Yes
5 0 1 0 6.25 No Nodir No
6 y 0 0 0 0 No Nodir Yes
7 0 1 0 3 No Nodir No
8 y 0 0 0 0 No Nodir Yes
9 0 1 0 3 No Nodir No
10 y 0 0 0 0 No Nodir Yes
11 y 0 0 0 0 No Nodir Yes
12 1 0 3 0 No Nodir Yes
13 v 0 0 0 0 No Nodir Yes
14 y 0 0 0 0 NO Nodir Yes
15 y 0 0 0 0 No Nodir Yes
16 0 1 0 3 No Nodir No
17 y 0 0 0 0 No Nodir Yes
18 y 0 0 0 0 No Nodir Yes
19 1 1 3 3 No Nodir Yes
20 1 1 6.25 3 No SouWest Yes
21 0 1 0 3 No Nodir No
22 0 1 0 3 No Nodir No
23 y 0 0 0 0 No Nodir Yes
24 1 1 3 3 No Nodir Yes
25 0 1 0 3 No Nodir No
26 2 2 12.5 12.5 No South Yes
27 1 1 3 3 No Nodir Yes
28 1 0 3 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 1 1 6.25 3 No SouEast Yes
31 y 0 0 0 0 No Nodir Yes
32 3 1 28.5 6.25 South South Yes
33 0 1 3 0 No Nodir No
34 1 1 6.25 3 No South Yes
35 y 0 0 0 0 No Nodir Yes
36 1 1 3 3 No Nodir Yes
37 1 0 3 0 No Nodir Yes
38 y 0 U 0 0 No Nodir Yes
39 1 0 3 U No Nodir Yes
40 y 0 0 0 0 No Nodir Yes
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Table 6.7: Summary of the task status determined by the TSI expert system from
the releasing data •

Block Unchd. Grspg. Relsg. Conf. Conf. Dynamic Static Decision
no. state level level level, level, displt. displt. correct?

grSpg. relsg.
1 y 0 0 0 0 No Nodir Yes
2 y 0 0 0 0 No Nodir Yes
3 y 0 0 0 0 No Nodir Yes
4 0 1 0 25 No Nodir Yes
5 y 0 0 0 0 No Nodir Yes
6 y 0 0 0 0 No Nodir Yes
7 y 0 0 0 0 No Nodir Yes
8 y 0 0 0 0 No Nodir Yes
9 1 0 3 0 East Nodir No
10 0 2 0 25 West Nodir Yes
11 0 2 0 25 South Nodir Yes
12 0 1 0 3 No Nodir Yes
13 y 0 0 0 0 No Nodir Yes
14 v 0 0 0 0 No Nodir Yes
15 y 0 0 0 0 No Nodir Yes
16 0 1 0 3 No Nodir No
17 y 0 0 0 0 No Nodir Yes
18 v 0 0 0 0 No Nodir Yes
19 v 0 0 0 0 No Nodir Yes
20 0 1 0 3 No Nodir Yes
21 y 0 0 0 0 No Nodir Yes
22 y 0 0 0 0 No Nodir Yes
23 1 1 3 3 NO NOdir Yes
24 y 0 0 0 0 No Nodir Yes
25 y U 0 0 0 No Nodir Yes
26 y 0 0 0 0 No Nodir Yes
27 y 0 0 0 0 No Nodir Yes
28 y 0 0 0 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 y 0 0 0 0 No Nodir Yes
31 y 0 0 0 0 No Nodir Yes
32 y 0 U 0 0 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 1 1 1 3 No Nodir Yes
35 0 1 0 3 No Nodir Yes
36 y 0 0 0 0 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
38 y 0 U U U No Nodir Yes
39 y 0 0 0 0 No Nodir Yes
40 y 0 0 0 0 No Nodir Yes
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Figure 6.14: Task status parameters obtained from TSI expert system - Test 1.
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6.5.3. Interpretation of results

The profile of raw forces in Figure 6.13 clearly shows that grasping and releasing
trends of the task were properly captured from the prototype gripper system. Referring to

Figure 6.13, it can be seen from the raw data plots that grasping and releasing trends are

clearly exhibited by the forces sensed by sensor #1, #2, #3, #4 and #8. The fact that some

sensors exhibit a more pronounced variation than others indicates that the dynamic forces

are not uniform in spite of using a parallel-jaw gripper for the task. Therefore, interpreta
tion of the tactile sensing data is necessary to identify the task behaviour. The other con

tributors to dissimilar behaviour of sensor outputs are the position of the object, the sen

sor characteristics and their orientations, and the noise. The tactile imaging technique

helps to compensate for some of these errors with an appropriate choice of force ranges.

The presence of many uncertain transitions in the total gripper force variation

(shown in Figure 6.6) shows that a direct interpretation of the total forces from raw data

would be erroneous. The effectiveness of the decision filter in reducing the noise in the

tactile images is evident from a comparison of Figures 6.5 and 6.6. In Figure 6.5, which

shows the plot of cumulated grasped and released levels, it is clear that the decision

parameters obtained are in general agreement with the nature of the task. The definite

trends displayed by the decision filter outputs confirm the effectiveness of the tactile im

aging technique to produce relatively noise-free profiles for grasping and releasing deci

sions.

The TSI expert system, which determined the task status based on the decision

parameters, has yielded correct decisions in a large majority of cases, as demonstrated by
the expert system output summary given in Table 6.6 and Table 6.7. Though the task

status had indicated both grasping and releasing during a grasping operation, the con

fidence level for grasping decisions were higher than the corresponding confidence level

for the releasing decisions. This indicates that in order to generate control decisions based

on the task status, itwill be necessary to consider all the four force decision parameters of

the task status. Results from the releasing task also emphasize the necessity of using all

the four force decision parameters. When the TSI expert system indicates no change in
the gripper status, the gripper may be considered to be performing its task satisfactorily
without needing additional control actions. When interpreted in this manner, it can be

seen that the status parameters have been correctly evaluated in amajority of cases.
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6.5.4. Limitations

The behaviour of the seven identified decision parameters within a data block have

been used to determine the task status. These parameters have been selected based on

human judgment which is subjective in nature. There may be other possible selections of

decision parameters which might be easier to interpret In order to interpret the decision

parameters from a lOG-point data block, a maximum of only four transitions were con

sidered. This was done since the TSI expert system was developed to test the ap

plicability of the technique rather than to build a commercial product. By restricting the

maximum allowable transitions per block, it was possible to restrict the number of deci

sion rules to be used in the expert system. However, this reduced the accuracy of the

method and for precision tasks the present accuracy may be insufficient. The selection of

the number of possible transitions depends on the size of the pre-filter and the size of the

dead band window used in the decision filter, Therefore, for a different choice, the deci

sions obtained may not be identical. The number of transitions allowable was also based

on a fixed gripper speed. Grippers actuated at higher speeds may tend to miss useful

transitions.

6.6. Summary and Conclusions

Tactile sensing arrays are suitable for measuring dynamic forces on gripper fingers
when the gripper is grasping or releasing an object. The dynamic forces measured and

acquired during the performance of a task were converted into tactile images and the

images were used to identify the positive and the negative changes in force (transitions)

occurring during the performance of the task. A positive transition resulted due t<;> an

increase in the measured force at a specific sensing site while a negative transition oc

curred due to a decrease in the gripper force at that site. The changes in force can be

attributed either to actual increases or decreases in the applied force at a site, or to the

force moving laterally with respect tothe sensing site.

A set of seven decision parameters was identified by analyzing a tactile image in a

case study, and a filter was designed to determine these parameters from a tactile image.
From a block of data consisting of a fixed number of sampled forces, a set of decision

parameters was obtained. In this filter, for a small time window, two types of transitions,

positive and negative, were cumulated to defme values for two decision parameters,

namely, grasped level and released level. The transition points defined the times at

which the state of the gripper contact had changed. By evaluating the spatial relationships
among the observed transitions and identifying the sensing sites measuring active tran

sitions, the values for the other decision parameters, namely, the sensor confidence factor

for the grasping decision, and for the releasing decision, the static and dynamic object
displacements, and the transition points were assigned.
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The interpretation of the decision parameters was achieved using an expert system,

called the TSI expert, in which a component of human decision-making capability was

incorporated. To develop a knowledge base for the TSI expert, the possible values for

the decision parameters, grasped level and released level, were divided into three

categories. These categories covered all possible values which these two decision

parameters could take. The first category referred to a case when there was no transition

in a single block of force data, which was interpreted as no change in the gripper status.
The second category pertained to a situation when it was either a pure grasping or a pure
releasing operation without slip and the third category dealt with all cases which showed

both non-zero grasped and released levels. The last category was interpreted to mean the

presence of slip during grasping or releasing, owing to the fact that some sensors

measured increasing forces and some measured decreasing forces. The numerical value

of the cumulated grasped and released levels along with the sensor confidence factors

were used to determine an overall confidence level for the task status decisions.

Two types of task status parameters were determined and displayed by the user

friendly expert system. The force decision parameters displayed were the grasping and

releasing levels with associated confidence levels for the two decisions, obtained from

each block of data. The object displacement decisions displayed were the static and

dynamic object displacements, determined relative to the gripper position at the begin
ning of a data block. The work reported thus far has been summarized in Figure 6.16,
which shows the steps involved in the task oriented procedure to determine the decision

parameters and the task status parameters from dynamic force data.

The TSI expert was tested in a stand alone mode using a set of actual data measured

while grasping and releasing a sample object. Using these data, the performance of the

decision filter and the expert system were evaluated. It was found that the confidence

level parameter of the task status plays an important role in correctly characterizing a

grasping or a releasing operation.

For handling objects of different kinds, with varying shapes, sizes and orientations

using an intelligent gripper, a typical on-line control decision could be either to increase

or decrease the applied gripper forces, or to move the gripper differently to prevent object
slippage. By processing the force decision and object displacement decision task status

parameters.determined by the TSI expert system, it could be possible to obtain such con

trol decisions. For example, the task status parameters from two successive blocks may

be grouped and delivered to a second expert system which could process the task status

parameters and obtain control decisions for every two block set of data.

Using the static and dynamic displacements of the object occurring within a

specified time interval, it is possible to identify slow slippages of the object which have

occurred in the recent past (100 ms time in the case study).
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Figure 6.16: A typical flow diagram of the task oriented procedure used to deter
mine the task status parameters from dynamic force data .

Various software modules developed for processing the raw dynamic force data

described in Chapters 5 and 6 were integrated into a single application program called the

task oriented procedure. The program embedded the TSI expert system so that the task

status parameters could be determined from the data obtained while handling different

sample objects.The next chapter will describe the development of the integrating
software and the various test cases which were used to validate the complete procedure.



7. SYSTEM INTEGRATION, RESULTS
AND PERFORMANCE EVALUATION

7.1. Introduction

The development of a task oriented procedure for a tactile sensing gripper would be

complete if the various functional modules described in earlier chapters were integrated
into a single executable computer program. Such a program, which was called "Interface

Program Il", was designed to access the MATLAB software package, execute the various

processing modules, and embed two expert systems, namely, the TSI expert system

(described in Section 6.5), and the Control Decision Indictor" (CDI) expert system
described in this chapter. The CDI expert system was designed primarily to test the

feasibility of using the task status decision parameters to fonn suitable on-line control

decisions by interpreting task status parameters from two successive blocks. The design
of the CDI expert system was carried out in a manner similar to the design of the TSI

expert system.

The design, implementation and testing of the CDI expert system using the KES

development tool will be described and its salient features will be discussed. The reason

ing technique used to infer control decisions from task status parameters was based on

human intuitive knowledge. This knowledge was incorporated into the CDI knowledge
base using a set of attributes whose values determined the confidence factor for specific
types of decisions. The detailed descriptions of these attributes and the manner in which

the values assigned to them were interpreted in order to obtain consistent control deci

sions from the task status will also be discussed.

Interface Program n, which embedded both the TSI expert system and the CDI ex

pert systems, displayed recommended control decisions to successfully complete a task.

Once the program obtained the dynamic forces measured by the tactile sensors of the

prototype system, it executed all the steps up to and including the formulation of a set of

control decisions. To achieve this, considerations for embedding the two expert systems
into Interface Program n have been outlined and the method used to embed the two sys

tems have been stated.

The last section ofthis chapter deals with the performance evaluation of the com-

157
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plete task oriented procedure. Four categories of tests were designed and nine sample
objects of varying shapes, dimensions and masses were used. The results obtained from

various tests will be described in order to discuss the applicability of the procedure for
grasping and releasing tasks.

A summary of the TSI expert system display aswell as the preliminary control deci
sions obtained using the CDI expert will be used to identify the main features of the task

oriented procedure. The main limitations of the procedure and recommended areas for

further investigation will be outlined at the end of the chapter.

7.2. Software Integration

The requirements for the software integration of various modules that had been

designed to perform specific functions on the dynamic force data were first identified.

Software integration consisted of development of two programs, Interface Program I, and
Interface Program II. Interface Program I, which was designed to carry out the off-line

processing was described in Section 4.4.2.1. This program is executed before using Inter
face Program II. Interface Program II was designed to perform all the on-line tasks using
the results from Interface Program I. These results consisted of the definitions of the

force thresholds for each sensor used in the prototype gripper system. The thresholds

were stored in the designated "MAT" or binary files to facilitate fast access by Interface
Program II. The dynamic force data, from which the task status was determined, were
assumed to be available in the form of ASCII meso For the purposes of testing and

evaluation of the integrated computer program, the dynamic forces encountered during a

task were used. The main components of Interface Program II were identified by divid
ing the task oriented procedure into functional software subsystems.

7.2.1. Software subsystems

The task oriented procedure designed to obtain the task status from the dynamic
force data performed three main functions:

1. prefiltering and tactile imaging,
2. determination of the seven decision parameters, and

3. execution of the TSI expert system.
To perform these functions, Interface Program II accessed the software modules which

performed the listed tasks. The tasks of prefiltering, tactile imaging and the determina

tion of the decision parameters were performed by modules which were developed using
the MATLAB software library routines. Therefore, these modules were combined into a

single module called the "Application Program". The TSI expert system was im

plemented using the KES shell as described in Chapter 6. To integrate this expert system
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into Interface Program II, an embedding technique was selected. The first part of Inter

face Program II was used to load the dynamic force data from ASCII files, This part was

designated the "user input" section. In this section, the program displayed messages to a

user to enable him/her to enter the necessary information.

The three identified sections which were incorporated in Interface Program II were

the user inputs, the application program, and the embedded expert system.

7.2.1.1. User inputs section

In this section of Interface Program II, the user was prompted to enter a set of four

parameters. These were the following: the name of the ASCII file which contained the

dynamic force data, the type of operation (grasping, releasing, or unknown) to which the

data belonged, the size of a data block, and the beginning block number from which task

status determination commenced. The requirement for the designated ASCII file was that

the force data in the file had to be stored in a flatASCn format, consisting of fixed record

length data consisting of values measured by the eight sensors and stored in an eight
column array. The type of operation information sought from the user was used to iden

tify the file which contained the definition of the force thresholds for each of the eight
sensors of the prototype system. The threshold definitions obtained by Interface Program
I were different for grasping and releasing type calibration data. If the task type infor

mation was unknown, then as a-default, the thresholds obtained from the grasping type
calibration data for all the eight sensors, were used. The data block size was made user

selectable to make the program easily adaptable for various types of tasks. The beginning
block number enabled the selection of data for processing from any desired point in the

file.

7.2.1.2. Application program section

The application program consisted of the filters designed to perform prefiltering,
tactile imaging and the program which determined the seven decision parameters from a

tactile image. These filters were separately developed in the form of 'M-flIes' and tested

using the appropriate commands of the Matlab software package. M-files are the disk

files containing the MATI..AB command statements and are so designated owing to an

extension of "im" used in their file names. Typically an M-file consisted ofa sequence of

MATI..AB statements, possibly including references to other M-flIes.

A script file was used to automate long sequences ofMATI..AB commands. When

a script file is invoked, MATI..AB simply executes the commands found in the file, in
stead of waiting for an input from the keyboard. The statements in a script file operate

globally on the data in the workspace. A function file differs from a script file in that a

function file permits passage of arguments to the function. The variables defined in a
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function file are local to the function and do not operate globally on the workspace. The

function files were used to expand the MATLAB library, by creating new user-specific
MATI....AB functions.

In order to access the M-fIles in proper sequence, a main program was written so

that a system call to this program will execute the operations shown in the flow chart of

Figure 7.1. This application program obtained the seven decision parameters from a set

of dynamic force data.

Start

Prefilter

Store in binary ("MAT") Files

Figure 7.1: Flow chart of the Application program section of Interface Program IT .

7.2.1.3. Embedded expert system section

The primary advantage of using the KES shell for developing the TSI expert system
was the facility provided by KES to embed the knowledge base as a part of the integrated
software. This could be done because the integrating software, was written in the C pro

gramming language. KES supplied a set of functions and data structures that the program
embedded in order to retrieve and manipulate the data, and to gain access to the

knowledge stored in a KES knowledge base. A knowledge base used in such an environ

ment is said to be embedded in the program.

Embedding the expert system offered several advantages over a stand-alone system:
1. The embedded expert system operated as a module under the control of the

application.
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2. By including the expert system techniques in decision making, the design
of the decision filter could be simplified. This was because in a knowledge
base the problem could be expressed in a simple, straightforward and easily
maintainable form.

3. There was a performance gain over the stand-alone KES runtime system.
This was tested by determining the total time taken to run the expert system
in the embedded and stand-alone modes.

4. The end-user interface could be easily modified to offer additional clarifica
tions or explanations withoutmodifying the knowledge base.

Communication with an external program that was called by the expert system was

much slower than an embedded system because of the absence of a direct link between

the knowledge base and the program. In the embedded system, all information needed by
the C program was accessible through the use of function calls.

The first phase in embedding was the development of the C program without the

calls to KES functions. This helped to ease debugging of the program since the number

of variable elements was restricted. After the C portion of the program was developed,
the second phase involved the development of the knowledge base as described in Chap
ter 6. The knowledge base designed for use in an embedded system was the same as the

one which was designed to operate as a stand-alone system. The knowledge base was

separately developed and tested independent of the C program.

The third and fmal phase of embedding was the integration of the C program with

the knowledge base, using the embedded interface shown in Figure 7.2. This consisted of
providing an interface that allowed communication between KES and the C program.

That is, the C program gave instructions to KES and received and manipulated the data

obtained from KES. The KES program received its inputs from the C program and sent

messages back to it

To perform these tasks, the C-functions called by KES had to be included in the C

program. The calls to the C-functions provided by KES were also included in the

program. The knowledge base developed in phase two was parsed and stored. The C

program loaded the parsed knowledge base in order to access it. A header file containing
the declarations of the HT functions and data types was included so that calls to HT func

tions were handled properly. This is the me ht.h shown in Figure 7.2. The block ht.o

refers to a library me containing the object code for the KES functions which were linked

with the program.

The C program instructed KES to run the actions section, execute KES commands,
and obtain the values for the attributes. All these tasks were performed through calls to a

set of library functions. These functions allowed the C program to:
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"C"
Source
code

Executable "C"
program with
embedded "c"
functions

ht.h

Compiler
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Figure 7.2: Integrating a C program with a Knowledge base [from KES Knowledge
Base Author's Manual [107], Fig.12-14, page 12-7] •

1. load and free a parsed knowledge base,

2. send data to the expert system,

3. receive data from the expert system,

4. issue commands to the expert system, and

5. load or save case information from the knowledge base.

During the execution of the program, the expert system could send a message to the C

program or seek a value for an attribute. This·was facilitated by "callback" functions
which allowed KES to ask for an attribute value either from a data base or from an end

user, and to send messages to the C program. These messages were either directly dis
played to a user, or reformatted and displayed, or used to trigger a particular action. One

. function from each of these callback categories was included in the integrated C program.

7.2.1.4. Levels of embedding

There were three levels of embedding provided in KES. Level 1 was the simplest
level to work with and Level 3 was the most complex. The levels differed in the number

of functions offered, the flexibility of manipulating the variables in the knowledge base,
and the complexity of the data types and functions provided. Each level contained a set

of library and callback functions. Different data types were used at each level. However,
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functions from all three levels could be used in a single program without speed or space
penalties. Each level was independent, that is, a knowledge base could be embedded

using functions from a single . level. The functionality provided by each level was either

duplicated or replaced by the functionality at another level. However, there was no one

to-one correspondence between the functions provided at different levels. For example,·
each level provided a way of performing the obtain command but the functions used to

obtain a value differed in the data type used and in the method used to access the infor

mation. The choice of a level was governed by the needs of the application. The main

features of the three levels [107] were analyzed in order to select the level of embedding
to be used in Interface Program II.

Level 1 provided all the necessary functions to embed the TSI knowledge base. It

provided access to the expert system in a manner similar to that of an end-user. The func

tions provided the capability to execute the run-time commands. Level 1 included basic

functions to load a knowledge base, run the actions section, and execute all the run-time
KES commands. All input and output to KES had to be passed in the form of strings.

Though the Level 2 functions offered more functionality by providing facility to

incorporate the procedural knowledge in terms of C functions, and the Level 3 functions
could retrieve "static" data, which includes information such as the number and the type
of attributes, these functions :required cumbersome procedures for embedding specific
sections of a knowledge base. For determining the task status from separately acquired
and stored data, a simple basic control of the expert system was sufficient. Level 1 con

tained eight functions which could be used to start and stop the system, execute KES

commands, display messages and get inputs. Therefore, Level 1 was selected for embed

ding the TSI and the COl expert systems.

7.2.2. Development of Interface Program II

After analyzing the requirement specifications of each of the three sections, and the
features of the MATLAB software and KES, the development of Interface Program II

was undertaken on a Sun 4/110 workstation. The program development was done in four

stages. In each stage, a specific functional section of the program was independently
designed and tested. Consequently, the program consisted of five parts in which the first

four parts performed the tasks listed below.
1. Access the user input section.

2. Execute the application and process timing programs.
3. Translate the decision parameters stored in "mat" files into ASCII

parameters and store them in KES communication files.

4. Embed the TSI expert system using Level 1 functions.
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The last part of Interface program II consisted of the subroutines used by the other sec

tions.

The first part performed the tasks selected for the user input section. It loaded the

user-designated file and selected two successive blocks of data. The beginning data

block. nb, and the number of points per block. nn, entered by the user were used to deter

mine the two sets of data. These two sets were then written into two pre-designated files,
The format of these files was such that they could be directly accessed by the "load"

command of the MATLAB software. In this format. which is also termed as "flat ASCII

format". the data were stored in ASCII form. with fixed length rows terminated with car

riage returns. and with spaces separating the numbers. The task type was separately
stored in a third flat ASCII file, The program also identified error conditions and dis

played them to the user. The two data blocks were identified to the user as confumation

of the selection.

The second part performed the execution of the application program and the calcula

tion of the time required to execute the complete procedure. To execute the Application
program. a script file called "trymatt" was created. This consisted of the MATLAB com

mands which loaded the three files created in part 1 and assigned values to three

parameters. n l, n2, and n3. These parameters specified the size of the moving average
low pass filter, the size of the dead band to be used in the decision filter, and the size of

the data block. respectively. The next step was to execute the main application program.
called "Statfilt.m", which was developed in the form of a function me. This M-fIle ac

cessed three other Mefiles, which were developed to perform the three tasks of prefil
tering the raw data. obtaining a tactile image from the filtered data. and determining the

seven decision parameters from the tactile image. The seven decision parameters ob

tained from the first block of data were stored in a "MAT" me. The same procedure was

repeated using the force data from the second block of data and its decision parameters
were stored in a second "MAT" me.

The timing calculations were done using the utility function "time" provided in the

UNIX operating system. The time to obtain the decision parameters from the raw force

data was evaluated using this timing function. Two calls were made to this function: the

first one was made before accessing the MATLAB script file and the other was made

after the control returned back to Interface Program II after the decision parameters were

determined and stored in "MAT" files.

The third section of Interface Program II performed file transformations. This con

sisted of writing the seven parameters obtained from each "MAT" file in two new files,
"filetransl" and "flletrans2". The format used to write these two files conformed to the

communication file format specified by the KES software. Each parameter was written
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on a separate line terminated by a period. At the end of the me, the section termination

character used in KES, namely %, was written in each of the meso

The development of the fourth part of Interface Program II consisted of embedding
the KES knowledge base using Level I functions. Level 1 functions represented infor
mation in the form of character strings and used the following five data types:
HT_boolean_type, HT_command_type, HT_error-type, HT_msg_class_type, and

HT_string_type. The HT_boolean_type represented the values true and false. For ex

ample, HT_true_c was defined as 1 and HT_false_c was defined as O. The

HT_command_type enumerated the commands which were executed by the function

HT_commandO. The name of each value of this type corresponded to the name of its

associated command. For example, HT_askfor_cmd_c had a value corresponding to the

"askfor" command of KES. HT_error_type enumerated the errors that occurred when

calling a KES embedded function. For example, HT_success_c indicated that there were
no errors and any other value represented an error. The HT_message_class_type
enumerated the kinds of messages passed to the function HT_receive_mesgO and

HT_string_type represented a standard C language character string.

For activating and deactivating the expert system, the following three functions

were used: HT_ld_kbO, HT_run_actionsO and HT_free_kbO. To execute the KES com

mands from the C program, the function HT_commandO was used. Definition and

detailed descriptions of these functions and data types are given in the KES Reference

Manual [111].

7.2.3. Summary of software integration

Two integrating programs, namely, Interface Programs I and II were developed and

implemented. Interface Program I performed characterization of the prototype gripper
system using a simple model and obtained the force thresholds for each of the eight sen
sors. Interface Program II used these threshold definitions for each sensor to form a tac

tile image and then developed a set of decision parameters which were used by an expert
system to determine the task status. The time required to execute Interface Program II

was evaluated to indicate the processing time required to perform all of the operations.
To test the performance of the scheme, a testing and validation procedure was designed
and implemented as described in the next section.
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7.3. Testing, Validation and Performance Evaluation

The integrated computer program developed to determine the on-line task status was
centered around the laboratory prototype gripper system. In order to evaluate the perfor
mance of the task oriented procedure, the validity of the raw force data was first es

tablished. To perform this validation, the performance of the prototype gripper system
and the VAXlab data acquisition system were evaluated using a set of standard tests.

This was done to confirm that the raw data was not excessively corrupted with the

hardware system components and the data acquisition procedures. Thereafter, the validity
of the task data were ascertained by acquiring raw force data during the real time tests

and observing the plots of the raw data measured by all the eight sensors as a function of

task time.

Two types of test procedures, Test Procedure 1 and Test Procedure 2, were designed
to acquire real time raw data while carrying out different categories of tasks. The test

procedures accommodated a number of typical object handling situations for which the

prototype grippermight be used. Therefore, the design of these procedures considered the
limitations of the prototype system.

In the case ofTest Procedure 1, a set of nine sample objects was prepared. The term

"task" was defined such that the definition was applicable to all the object handling situa

tions considered in the tests. The procedure was implemented to obtain raw force data

from three different categories of grasping and releasing operations. In contrast to this,
the second procedure was implemented to obtain raw data from a set of pre-defined artifi
cial slip tests. All test data were acquired using the laboratory prototype gripper system.

The performance evaluation of the integrated computer program consisted of using
the authenticated raw force data as inputs to Interface Program II and observing the dis

play of the TSI expert system. The task status determined and displayed by the TSI ex

pert system was used to verify the validity of the decisions. The task status decisions

were also used to determine a set of control decisions using the embedded Control deci

sion indicator (CD!) expert system. The above mentioned performance evaluation proce
dure was carried out using the raw force data from a selected number of tasks belonging
to different categories.

7.3.1. Performance of the VAXlab data acquisition system

In order to authenticate the raw force data which were used to evaluate Interface

Program II, the performance of the VAXlab data acquisition system which was used to

obtain the raw data during a task was evaluated using. a set of three standard tests. These

tests were used to determine the behaviour of the digitized output data from the DAS
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when different types of inputs were connected to the eight channels. The design proce
dure and the salient features of the hardware and associated software of the DAS and the

prototype gripper system have been described in Chapter 3.

Test 1 consistedof determining the switching delays and time constants in the eight
channel system. To determine these quantities, the characteristics of the output from the

eight channels of the DAS were obtained when voltages of Vmax
and Vmin were input to

alternate channels. That is, channels 1, 3, S and 7 were connected to Vmax' and channels

2, 4, 6, and 8 were connected to Vmin. The unloaded sensor output, which corresponded
to a voltage Vmax

in the shunt mode of FSR operation, from one of the eight sensors, was
connected to channels 1,3, S and 7, while the other 4 channels were grounded (cor
responding to an input Vmin). A sampling rate of 1 KHz was used and 100 sampled data
values were obtained for each of the eight channels. The channel outputs were plotted
and are shown in Figure 7.3. It is evident from the plots that the outputs from the eight
channels closely correspond to the inputs with negligible switching delays between chan

nels. The curves also show that the inter-sampling delay is negligibly small.

In test 2, the cross-talk between channels was investigated. In this test, the four

channels,1,3,S,and 7 were connected to the respective inputs of the tactile sensors 1,3,S,
and 7, while maintaining the other four channels at ground potential. The resulting data

acquired by the DAS were plotted as a function of time as shown in Figure 7.4. This

curve shows that the cross-talk between channels in a situation when a maximum force

variation existed between any two adjacent sensors, is negligible.

In order to determine the linearity of the DAS, a 100 Hz ramp signal from a signal
generator was connected to all the eight channels. The corresponding output plotted from
the DAS data acquired in channell is shown in Figure 7.S. The samplingmethod used in

all the cases was the maximum allowable frequency in the system which guaranteed 12

bit accuracy (using the burst mode triggering discussed in Section 3.4.1.1, Chapter 3). It
can be seen from Figure 7.S, that the ramp was reproduced without any visible distortion.
Therefore, it was concluded that a linear model assumed for the VAXlab DAS was ap

propriate. The error in the output was considered to be limited to the A to 0 conversion

quantization errors.

The results from these three tests indicated that the data acquisition system used in

the prototype gripper system performed data conversions with a linear input-output
relationship and the quantization error in the A to 0 converter was limited to

± 1 LSB [9S]. This error was assumed to be negligible to justify the use of a linear

relationship between the analog sensor outputs and their corresponding digitized values.
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Figure 7.3: The outputs from channels 1 to 8 to test for switching delays in the
DAS.

7.3.2. Procedures to obtain real time task data

7.3.2.1. Apparatus for the Test Procedure 1

The prototype gripper system which was used to carry out the tests in this category
was actuated at a constant jaw speed of 7 cm/s. Mechanical fixtures were built to hold the

objects in the space between the gripper fingers. These fixtures were mounted on a vice

fastened to a horizontal surface. The robot gripper was equipped with a mechanical

spring-operated limit switch which prevented application of excessive gripper forces to

the object. A push-button switch was used to activate the gripper motor to signal starting
and stopping of the gripping action.
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Figure 7.4: The outputs from channels 1 to 8 to test for channel cross-talk in the
DAS.

The measured signals from the eight tactile sensors were connected to the eight
channel data acquisition system (DAS) installed in a MicroVAX 3600 computer. A

program was written to sample all the eight channels at a uniform rate of 1 KHz or 500
Hz depending on the category of the task (to be discussed in a later section). The execu

tion of the programwas initiated through the keyboard and was terminated automatically
after completion of the specified total task time. A set of nine samples was fabricated for

acquiring raw data in Test Procedure 1.
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7.3.2.2. Selection and specifications of samples

The nine samples used in Test Procedure 1 belonged to one of three shape
categories, namely, disc, sphere and cylinder. Four different materials, brass, aluminum,
steel and plastic were used in their fabrication. The samples had approximately similar

dimensions. The' size and weight of the samples were selected so they could be accom

modated by the gripper. The mechanical specifications of the nine samples used for test

ing are listed in Table 7.1.

Table 7.1: Mechanical specifications of the samples used in grasping and releasing
tests.

Sample number Type Weight, g diameter, mm height/width.mn
1 small aluminum 22.0 17 20

disc
2 small aluminum 22.0 17 20

Cylinder
3 aluminum sphere 21.5 24 --

4 large aluminum 30.0 24 16
disc

5 large aluminum 30.0 24 16

cylinder
6 large brass disc 58.5 24 12

7 heavy steel 80.2 27
sphere

8 heavy steel 57.0 24 15
Cylinder

9 light plastic 7.3 25 --

sphere

7.3.2.3. Definition of task

The validation of the task oriented procedure involved the determination of the cor

rectness of task status decisions obtained from the TSI expert system during the perfor
mance of a task. In the Test Procedure 1. a task was defmed as the grasping or releasing
of one of the selected nine sample objects using the prototype gripper system. A grasping
type task commenced when the gripper motor was started to activate the-fingers to close

on the sample suspended between the parallel jaws. It ended when the limit switch

operated causing the the jaw movement to stop. A releasing task commenced when a

release command was given to the gripper motors and ended when the sample was fully
released and fell free under the force of gravity. The force signals acquired during the
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grasping and releasing operations of the gripper constituted the dynamic grasping and

releasing forces.

7.3.2.4. Task time and sampling rate selection

In this procedure, the time to perform the complete task was chosen based on the

following criterion. The real time data which could be stored for each run of the test was

limited by the buffer capacity, 64 Kbytes, allowed by the VAXlab software package.
Therefore, a maximum of 4000 values of forces per sensor could be measured and stored.

To complete the grasping or releasing operation of a sample at the selected gripper speed,
a mean value of the actual time required was 4 s. This was determined from a number of

repeated trials of grasping and releasing experiments performed using all the selected

samples. Therefore, the maximum sampling rate for data acquisition was limited to 1

.KHz for acquiring complete task data for grasping and releasing operations. For perform
ing a combined grasping followed by releasing operation, a total task time of 8 s was

allowed. Therefore, the sampling rate for these tests was chosen to be 500 Hz.

7.3.3. Artificial slip and the Test procedure 2

An artificial slip was defined as the slippage occurring at a sensing site due to the

sliding motion of a selected sample with respect to the sensors. Test Procedure 2 was

designed to perform artificial slip tests using two selected samples. The task in this case

was defined as the sliding motion of a sample object on the surface of a horizontal fmger
pad. The sample moved with a uniform velocity and travelled the full length of the pad.
To obtain raw force data during an artificial slip, separate hardware was designed and

built.

The arrangement consisted of a robot finger mounted horizontally on a platform
with eight tactile sensors mounted on the surface of the fmger. The transducer, flexible

backing and othermechanical components used for the tactile sensors were the same ones

which were used in the prototype gripper system. A set of three new samples were built

by attaching light aluminum plates to the plane surfaces of three discs. The plate was

equipped with a lead screw as shown in in Figure 7.6.

This arrangement facilitated mounting of weights on the samples in order to apply
different forces while the sample moved over the sensors. In order to move the sample
over the sensors, a string was attached to the sample. The string could be pulled horizon

tally by hanging weights at the other end. The arrangement used is shown inFigure 7.7.
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Figure 7.6: A typical sample built for the artificial slip tests •

7.3.4. Implementation of the two test procedures

The raw data required for the performance validation were obtained by implement
ing the two test procedures. For the purposes of analyzing the results, the data obtained

using Test Procedure I were divided into three categories. The data from the slip tests

obtained using Test Procedure 2 were designated as the fourth category. The implemen
tation procedures used in each of the four categories, and the analysis of the results ob

tained from them are described in the following section.

7.3.4.1. Category 1: Independent grasping followed by releasing test

In this category, all the samples listed in Table 7.1 were used to obtain dynamic
force data using Test Procedure 1. The forces measured by all the eight sensors of the
prototype system were acquired while grasping the sample. The task lasted for a time

duration of 4 s. The forces measured by the sensors were first stored in the buffer and

later separated into eight individual arrays. The sensor outputs were plotted on a graphics
terminal and the trends of the raw force data were observed to confmn whether the nature

of the task had been indicated by the sensor outputs. After confmning the Validity of the
raw data in this manner, the sensor outputs were stored in designated files before con

ducting the next test, which was to perform a task of releasing the held sample.
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Figure 7.7: Test set up used to perform artificial slip tests.
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To perform releasing of the sample, the vertical support was released from the vice

so that the object was held freely by the gripper jaws. The releasing operation com

menced when the gripper motor was commanded to operate in a reverse direction and the

data acquisition program was directed to acquire data as the sample was released. The

releasing continued for a period of 4 s. As in the previous case, the raw data were

validated by visually observing the sensor outputs before storing them in files. These

tests were designated as the independent grasping and releasing tests because the

dynamic force data were obtained using independent runs of the data acquisition program
at the maximum allowed sampling rate of 1 KHz.

7.3.4.2. Results from test Category 1

Two types of plots were obtained from the raw data. The first type plotted the

digitized sensor output from each of the eight sensors as a function of task time. The task

time was evaluated from the sampling time information. For each channel, at a sampling
frequency of 1 KHz, each data point was assumed to represent the force at the sampling
instant (ignoring the delay of 6.4 J.Ls between samples from each channel). The task time

was plotted on the abscissa and the measured value of output from each sensor, as stored

by the DAS, was plotted on the Y-axis. In the second type of plot representing the raw

data, the four sensor outputs from the left fmger and the right finger of the gripper were

separately grouped. The grouped raw data were plotted as a function of task time in the

form of a mesh plot Each sensor output was identified in the mesh which had a common

time axis for all sensors.

As an example, the raw data plots obtained from category 1 tests using sample 2

(which is the small aluminum cylinder), is shown in Figure 7.8. Both the grasping and

releasing curves are shown in the same plot in Figure 7.8 so that the trends in each case

can be observed and compared. These plots indicate the grasping and releasing task

trends in each case. Some sensors were not contacted during the task and hence did not

show signillcant force variations.

The raw data were stored and then used in Interface Program IT to determine the

decision parameters and the task status. The typical specifications of one set of

parameters entered through the keyboard to process the sample 2 grasping data using In
terface Program IT were:

1. File name: s21g.dat,
2. Type of data: 1,

3. Number of data points per block: 100, and

4. Beginning block number: 1.

The program was executed to determine the task status parameters and displayed them on

the terminal screen. The status parameters were obtained from the decision parameters,
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Figure 7.8: Raw force data measured by the tactile sensors during independent
grasping and releasing operations performed on sample 2 •
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which in turn were obtained from the tactile image formed from each block of data. To

confmn the correctness of the decision parameters, these.were also displayed in the form

of intermediate results. The decision parameters and the cumulated primitive value of

gripper forces were determined from the same raw data. Curves were plotted to show the

variation of the cumulated grasped and released levels and the cumulated force primitive
values as a function of task times. These are shown in Figure 7.9.

The transitional uncertainties are clearly evident in the cumulated primitive values

obtained from both grasping and releasing data. The cumulated primitive values

represented a measure of total gripper force during the task and their variation with task

time are shown in Figure 7.9(a). The curves for both grasping and releasing tasks are

plotted in the same graph The trend shown by the two curves indicate that the tactile

imaging procedure implemented has retained most of the dynamic information contained

in the raw data. The presence of the transitional uncertainties in the two. curves justify the
necessity for a decision filter. The cumulated grasped levels and cumulated released

levels, determined after partitioning the raw data obtained during grasping and releasing.
are shown plotted as a function of task time in Figure 7.9(b). The decision filter outputs
obtained in these two graphs could be contrasted with the corresponding variation of total
gripper force shown in Figure 7.9(a), to observe the effectiveness of the decision filter in

reducing the noise and the transitional uncertainties. It can be seen in Figure 7.9(a), that
the transitional uncertainties in the case of releasing data are lower than those encoun

tered during grasping. This occurred because of the compliant rubber material placed
over the FSR elements. During grasping, the sample was compressed by the gripper
fingers. The elasticity of the rubber causes reaction forces, which result in a negative
transition to follow a positive transition. The large transitional uncertainties observed in

the total gripper force variation, during releasing in the initial part of the task, and the

same effect observed during the later part of a grasping task, justifies this inference. Fur
ther, it can be seen from Figure 7.9(b), that in the case of releasing, the decision

parameter released level may be directly interpreted to obtain the task status while in the

case of grasping the parameter grasped level alone will be inadequate. Moreover, during
the course of an operation, the future behaviour of the decision parameter grasped level
or released level will be difficult to predict. This factor necessitated the development of
the TSI. expert system to interpret all the selected seven decision parameters to obtain

task status decisions valid for both grasping and releasing tasks.

To investigate the performance of the TSI expert system Interface Program IT was

executed in two separate sessions using the grasping and releasing data pertaining to

sample 2. A copy of the output messages that appeared on the terminal display was

directed to file. The task status indications at the end of every data block consisting of
100 points of data per sensor, were compiled manually from the stored results. A sum

mary of the resulting task status obtained by using the grasping data of sample 2 is shown

in Table 7.2.
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Table 7.2: A summary of the task status parameters obtained from the TSI expert
system using sample 2 grasping data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Stanc Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 1 1 3 3 No Nodir Yes
2 y 0 0 0 0 No Nodir Yes
3 y 0 0 0 0 No Nodir Yes
4 0 1 0 3 No Nodir No
5 1 1 3 3 No Nodir Yes
6 1 0 3 0 No Nodir Yes
7 y 0 0 0 0 No Nodir Yes
8 1 0 6.25 0 No Nodir Yes
9 0 1 0 3 No Nodir No
10 2 2 19 19 West West Yes
11 1 0 3 0 No Nodir Yes
12 0 1 0 3 No Nodir No
13 y 0 0 0 0 No Nodir Yes
14 1 1 3 3 No Nodir Yes
15 y 0 0 0 0 No Nodir Yes
16 y 0 0 0 0 No Nodir Yes
17 y u 0 0 u No Nodir Yes
18 y 0 0 0 0 No Nodir Yes
19 y 0 0 0 0 No Nodir Yes
20 y 0 0 0 0 No Nodir Yes
21 1 0 3 0 No Nodir Yes
22 y 0 0 0 0 No Nodir Yes
23 1 1 3 3 No Nodir Yes
24 3 1 28.5 6.25 South Nodir Yes
25 1 1 3 3 No Nodir Yes
26 1 1 3 3 No Nodir Yes
27 2 1 12.5 6.25 West West Yes
28 1 1 3 3 No Nodir Yes
29 1 U 6.25 0 South Nodir Yes
30 1 1 3 3 No Nodir Yes
31 2 1 6 3 No Nodir Yes
32 1 u 3 0 No Nodir Yes
33 1 0 3 0 No Nodir Yes
34 1 1 9.5 9.5 North Nodir Yes
35 1 0 9.5 0 East Nodir Yes
36 1 0 6.25 0 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
38 1 u 3 0 No Nodir Yes
39 1 1 3 3 No Nodir Yes
40 y 0 0 0 0 No Nodir Yes
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Table 7.2 shows the seven task status parameters (six defmed earlier in Section

7.4.4.1 and the seventh parameter, unchanged state) obtained from each of the 40 blocks

of test data. In addition, Interface Program II also calculated the total time to obtain these

seven task status parameters from the raw force data, using the "time" function of the

UNIX operating system. The total time determined was used to examine the real time

applicability of the procedure andwill be discussed in Section 7.4.5.1.

The last column in Table 7.2 gives an indication of the correctness of the task status

decision as perceived by a human subject. This decision is based on the following logic:
During a grasping type of task, if the status parameters from any block show a non-zero

released level and a zero grasped level, then the decision was considered incorrect. This

is because during the task the sample object never fell from the gripper during grasping.
In a similar manner, during a releasing operation, if the task status parameters showed a

non-zero grasped level and a zero released level, then the decision was considered incor

rect. Such criteria were applied to the all three categories of tests: category 1, category 2,
and category 3. The percentage of correct status decisions during a task was used as a

figure ofmerit of the complete task oriented procedure.

For visual display of the task status parameters, the six task status parameters
(defined in Section 7.4.4.1) were divided into 4 force decision parameters and two object
displacement parameters. The force decision parameters were the grasping level, the

releasing level, and the confidence levels for grasping and releasing. The two object dis

placement parameters were the static object displacement and the dynamic object dis
placement. The four force decision parameters, obtained from the grasping test data of

sample 2 were plotted in the form of a bar chart as. shown in Figure 7.lD. In this diagram,
the height of the bar indicates the calculated confidence level and the type of fill inside

the bar represents the different grasped and released levels. The released levels have been

plotted showing the confidence levels on the negative Y-axis. In Figure 7.10 it can be

seen that task status decisions from grasping data results in higher grasped levels with

higher confidence factors when compared to the released levels and their confidence fac

tors. The dominating task parameters in this case are the grasped level and the con

fidence factor for the grasped level decisions.

The two object displacement parameters obtained from the grasping data are shown

in Figure 7.11. In this figure, the static and dynamic object displacements relative to the

gripper fmgers, have been plotted as bars. The heights of the bars show the certainty
factors associated with the displacement decisions. This was indicated by the expert sys
tem which obtained the certainty factor based on the Hypothesize and Test procedure
described in Chapter 6. The times at which both static and dynamic displacements were

identified agreed with those times when a higher released level with a higher confidence
factor (when compared with the corresponding grasped level and its confidence factor)
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Figure 7.10: The force decision parameters of the task status obtained from the TSI

expert system using sample 2 grasping data •

were obtained from the TSI expert system. Therefore, at these task times ( i.e. task time
=1000 ms, and 2700 ms in Figures 7.10 and 7.11) it is likely that the sample might have

experienced temporary slip. This demonstrated that it was possible to identify slip using
the force decision and displacement decision parameters of the task status. The dynamic
displacements identified at other times during the task may have occurred because of

lateral transient movements of the sample. This effect could be seen from the behaviour

of the force decision parameters at the corresponding times at'which both the grasped
level and released level have been assigned a value of unity with nearly equal confidence
in the two decisions.

A summary of the task status parameters obtained from the releasing data of sample
2 is shown Table 7.3. The corresponding bar charts of the force decision and the object
displacement parameters obtained using the releasing data were plotted in the manner
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Figure 7.11: The object displacement parameters of the task status obtained from
the TSI expert system using sample 2 grasping data.

described above and are shown in Figures 7.12 and 7.13 respectively. If the above men

tioned logic is applied to identify slip, it can be seen from these figures that the sample
has experienced a definite slip at a task time = 900 ms. Since releasing ofthe object did
not involve re-grasping once the sample was released, for task times greater than 900 ms,

the grasped level decisions are seen to be far fewer compared to the released level deci

sions and the confidence for grasping either.equal or less than the confidence for releas

ing.

For each of the eight samples used in Category 1 type of tests, the above procedure
was repeated to obtain a validation package consisting of the following graphs plotted as

a function of the task time.

1. A plot showing the variation of the raw force data from each of the eight
sensors during grasping and releasing of the samples.
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Table 7.3: A summary of the task status parameters obtained from the TSI expert
system using sample 2 releasing data •

Block Unchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 0 1 0 3 No' Nodir Yes
2 y 0 0 0 0 No Nodir Yes
3 1 1 3 3 No Nodir Yes
4 0 1 0 3 No Nodir Yes
5 0 1 0 3 No Nodir Yes
6 0 1 0 3 No Nodir Yes
7 0 1 0 3 No Nodir Yes
8 0 2 0 25 North Nodir Yes
9 1 2 6.25 12.5 North South Yes
10 0 1 0 3 No Nodir Yes
11 1 0 3 0 No Nodir No
12 0 1 0 3 No Nodir Yes
13 0 1 0 3 No Nodir Yes
14 y 0 0 0 0 No Nodir Yes
15 1 0 3 0 No Nodir No
16 0 1 0 3 No Nodir Yes
17 y 0 0 0 0 No Nodir Yes
18 y 0 0 0 0 No Nodir Yes
19 1 1 3 3 No Nodir Yes
20 y 0 0 0 0 No Nodir Yes
21 0 1 0 3 No Nodir Yes
22 y 0 0 0 0 No Nodir Yes
23 0 1 0 3 No Nodir Yes
24 y 0 0 0 0 No Nodir Yes
25 0 1 0 3 No Nodir Yes
26 0 1 0 6.25 No Nodir Yes
27 y 0 0 0 0 No Nodir Yes
28 y 0 0 ·0 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 y 0 0 0 0 No Nodir Yes
31 y 0 0 0 0 No Nodir Yes
32 0 1 0 3 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 y 0 0 0 0 No Nodir Yes
35 y 0 0 0 0 No Nodir Yes
36 0 1 0 3 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
38 y 0 0 0 0 No Nodir Yes
39 y 0 0 0 0 No Nodir Yes
40 0 1 0 3 No Nodir Yes

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
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Figure 7.U: The force decision parameters of the task status obtained from the TSI

expert system using sample 2 releasing data •

2. Four mesh plots showing the force profile in the left and right jaws of the
gripper during grasping and releasing of the samples.

3. Two intermediate result plots showing the variation of cumulated grasped
and released levels and cumulated primitive force values obtained using the

grasping and releasing sample data.

4. Two result plots showing the four force decision parameters indicated by
the TSI expert system plotted in the form of a bar graph using the grasping
and releasing sample data.

5. Two result plots showing the object displacement parameters indicated by
the TSI expert system plotted in the form of bar graphs using the grasping
and releasing sample data.

In addition to the above, two sample performance tables were also obtained using the

summary of the task status decisions displayed by Interface Program II. The various
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Figure 7.13: The object displacement parameters of the task status obtained from
the TSI expert system using sample 2 releasing data •

graphs included in the validation package for sample 1 were depicted as example plots
during the description of the development of the individual stages of the integrated proce
dure in Chapters 3,4,5, and 6. The two performance tables obtained using thesample 1

grasping and releasing data were also shown in Chapter 6 where these were used to

validate the output of the TSI expert system in the stand-alone mode. Similar task status

results were obtained when the sample I grasping and releasing data were used in Inter

face Program Il,

The raw force data plots, the intermediate plots, and the force decision plots
described in the validation package for samples 5 and 7 are shown in Appendix D. The

four performance tables obtained using sample 5 and sample 7 grasping and releasing
data are also shown in Appendix D. The three samples, 2, 5, and 7 were chosen ar

bitrarily to represent the different shapes and materials of the sample objects used in the

investigation in Category 1 tests.
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7.3.4.3. Category 2: Combined grasping followed by releasing test

In these tests, the grasping and releasing operations were combined in a single test

run. Due to the limitations of the buffer capacity discussed earlier, the maximum sam

pling rate for these tests was limited to 500 Hz. In these tests, the sample was mounted

using the vertical fixture and held between the gripper jaws. Data acquisition commenced
when the gripper was commanded to close in on the sample. When the sample was held

by the gripper with the maximum force allowed by the limit switch, the direction of the

gripper motor was reversed. The data acquisition continued without interruption. At the
chosen sampling rate of 500 Hz, the data acquisition proceeded for a time period of 8 s.

Within this period, the object was fully released. Similar to the category 1 test, the raw

data was validated by inspecting the variation of the data from each sensor as a function

of the task time. The raw data were subsequently stored.

7.3.4.4. Results from test Category 2

In this category of tests, the same nine samples were used to determine the dynamic
forces during a different type.of task. The task consisted of a combined grasping followed
by releasing operation without stopping the acquisition of the force data. A similar

validation package was identified to obtain results from this category of tests. The sam

pling rate used for these tests was 500 Hz. Therefore, the task time for plotting the

various graphs was from 0 to 8 s. A typical validation package for these type of tasks

were identified and this consisted of the following components:
1. A plot showing the variation of raw force data from each of the eight sen
sors during the combined grasping and releasing of the samples.

2. Two mesh plots showing the force profile in the left and right jaws of the
gripper during the task.

3. An intermediate result plot showing the variation of cumulated grasped and
released levels and cumulated primitive force values obtained using the
combined grasping and releasing sample data.

4. A result plot showing the four force decision parameters indicated by the
TSI expert system plotted in the form of a bar graph using the combined

grasping and releasing sample data.

5. A result plot showing the object displacement parameters indicated by the
TSI expert system plotted in the form of bar graphs using the combined

grasping and releasing sample data.

The sample performance table consisted of a summary of the TSI expert system
displays that were obtained using the force data acquired during the combined task. The

input specifications used in Interface Program II were similar to the ones used for cate

gory 1 tests. However, in these tests, a block consisting of 100 points of data cor

responded to a real time window of 200 ms instead of 100 ms in the earlier case. For all
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of the nine samples, the graphs included in the validation packagewere obtained and the

sample performance tables were generated using the results from Interface Program II. A

set of validation plots for sample 2 are shown in Figures 7.14, 7.15, 7.16, and 7.17. The

raw force data plotted as a function of the task time is shown in Figure 7.14. The plots
showing the cumulated grasped and released levels plotted against the task time are

shown in Figure 7.15. Figures 7.16 and 7.17 display the task status parameters in the

form of bar graphs. It can be seen from Figure 7.14 that the sensor #3, #4, #5 and #8

were actively involved in the task. The raw data obtained from all of them show a

pronounced flat region which had occurred almost at the same time. The curves in Figure
7.15 indicate the presence ofmany transitional uncertainties and noise in the total gripper
force as well as in the decision filter output. The inability of the decision filter to remove
all noise and uncertainties is evident. The ability of the TSI expert system to interpret
even noisy decision parameters is shown by the bar graph in Figure 7.16. The grasping
and releasing operation on the sample is truly reflected in the task status parameters per
taining to the force decisions. The noisy nature of the data manifested in the form of a

large number of dynamic object displacements shown in Figure 7.17. However, in this

case, the sample has experienced slip only once at the point where the static displacement
of the object has been identified.

The performance of the integrated scheme has been summarized in the sample 2

performance table shown in Table 7.4. This table lists all the task status parameters and

assigns a figure ofmerit to each set of decisions obtained from each block of force data.

The plots listed in the validation package were obtained for all the nine samples.
The results for the sample performance tables were also obtained using Interface Program
II. The set of plots included in the validation package for samples 5 and.7 are shown in

Appendix E. The corresponding sample performance tables obtained from the combined

grasping and releasing data of samples 5 and 7 are also shown in Appendix E.

7.3.4.5. Category 3: Repeatability test

The repeatability tests were aimed at determining the consistency of the raw data as

well as the subsequent decisions obtained from them. The repeatability tests consisted of

repeated tasks using the same sample for a fixed number of trials. Each of the nine

samples were independently grasped and released five times. During each trial, the

sample was manually repositioned before actuating the gripper and obtaining the forces

during the task. The raw force data were acquired during each trial.
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Figure 7.14: Raw force data measured by the tactile sensors during the combined

grasping and releasing operation performed on sample 2 •
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Figure 7.16: The force decision parameters of the task status obtained from the TSI
expert system using the combined grasping and releasing data of
sample z .

7.3.4.6. Results from test Category 3

To interpret and discuss results from this test category, validation packages consist
ing of the following plots were obtained for three of the nine samples.

1. A plot showing the variation of raw force data from each of the eight sen
sors during independent grasping and releasing of the samples.

2. Two result plots showing the four force decision parameters indicated by
the TSI expert system drawn in the form of a bar graph using the inde
pendent grasping and releasing sample data.

3. Two result plots showing the object displacement parameters indicated by
the TSI expert system drawn in the form of bar graphs using the independ
ent grasping and releasing sample data.
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Figure 7.17: The object displacement parameters of the task status obtained from
the TSI expert system using the combined grasping and releasing
data of sample 2 •



192

Table 7.4: A summary of the task status parameters obtained from the TSI expert
system using sample 2 combined grasping and releasing data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- Iisplace- correct?

ment ment

1 1 1 6.25 6.25 Northeast Nodir Yes
2 1 1 6.25 6.25 ,outhwest Nodir Yes
3 1 1 9.5 6.25 West Nodir Yes
4 0 1 0 6.25 ,outhwest Nodir Yes
5 0 1 0 6.25 West Nodir Yes
6 1 0 9.5 0 ,outhwest Nodir Yes
7 0 1 0 3 No Nodir Yes
8 2 0 38 0 West Nodir Yes
9 y 0 0 0 0 Northeast Nodir Yes
10 1 0 6.25 0 No Nodir Yes
11 1 1 3 3 No Nodir Yes
12 1 0 6.25 0 No Nodir Yes
13 1 1 6.25 6.25 West Nodir Yes
14 1 0 6.25 0 No Nodir Yes
15 2 1 12.5 3 outhwest Nodir Yes
16 1 1 3 3 No Nodir Yes
17 2 0 50 0 South Nodir Yes
18 2 2 19 19 West Nodir Yes
19 2 1 19 9.5 North Nodir Yes
20 y 0 0 0 0 No Nodir No
21 1 0 6.25 0 West Nodir Yes
22 2 2 19 19 No Nodir Yes
23 2 0 25 0 West Nodir Yes
24 1 1 3 3 No Nodir Yes
25 2 1 12.5 6.25 No Nodir Yes
26 y 0 0 0 0 No Nodir No
27 2 2 6 6 No Nodir Yes
28 1 1 6.25 6.25 Northeast Nodir Yes
29 1 1 19 19 Southwest Nodir Yes
30 1 1 6.25 6.25 No Nodir Yes
31 1 1 3 3 No East Yes
32 1 1 6.25 6.25 East Nodir Yes
33 1 1 3 3 No Nodir Yes
34 1 1 6.25 6.25 East Nodir Yes
35 1 1 3 3 No Nodir Yes
36 0 1 0 6.25 No Nodir Yes
37 1 3 6.25 28.5 Northeast Nodir Yes
38 0 1 0 9.5 No Nodir Yes
39 0 2 0 38 No Nodir Yes
40 0 1 0 9.5 No Nodir Yes
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The sample performance tables for this category summarize the task status decisions ob
tained from the results displayed by the TSI expert system using the grasping and releas

ing sample data. Some of the validation plots obtained from four trials of independent
grasping and releasing operations performed using sample 1 are given in Appendix F.
For each trial, the raw force data plots and the force decision plots are shown. Appendix
F also shows the corresponding performance tables obtained from the four trials of grasp
ing and releasing of sample 1.

7.3.4.7. Category 4: Artificial slip test

In the slip test, the objective was to determine whether it is possible identify the
occurrence of slip from the task status parameters. The sample object was placed on top
of the robot fmger pad placed horizontally on a X-Y translation table. A selected weight,
wl, was placed on top of the aluminum plate and second weight, w2, was attached to the
free end of the string. Before commencing the task, the weight,w2, was supported so that
the sample remained at one end of the fmger pad. This support was released in

synchronism with the initiation of the data acquisition process which was signalled by
operating a key of the computer keyboard. The task data for a total period of 4 s were

acquired from all the eight sensors. The raw data was validated by observing the plots of
the measured sensor forces as a function of the task time on a computer graphic screen.

When the sample passed over a sensor at a slow speed, a dip could be seen on the the
measured sensor force. A number of tests were conducted using different weights forwl ,
and w2, using the two samples prepared for this test.

7.3.4.8. Results from test Category 4

A set of two selected samples was tested in this category using different weights for
wl and w2. The combinations of weights, wl, and w2 were chosen such that the sample
slid slowly enough to enable the acquisition system to record a change in the forces.
From an observation of the raw data, which was plotted on a terminal screen after the

every test was completed, a set of 5 tests involving the two samples were selected for the

purposes of performance evaluation. Table 7.5 shows the details of the samples and the
different weights, wl and w2, chosen for the eight tests.

For each of these five tests, a validation package was identified. A typical valida
tion package for these types of tasks consisted of the following components:

1. A plot showing the variation of raw force data from each of the eight sen
sors during each simulated slip test.

2. An intermediate result plot showing the variation of cumulated grasped and
released levels and cumulated primitive force values obtained using the
simulated slip test data.

3. A result plot showing the four force decision parameters indicated by the
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Table 7.S: Summary of parameters used in test category 4.

Test number Sample type Weight, wl, on Neight,w2,attachec
the sample to the string

1 small aluminum 500g 300g
disc

2 small aluminum lOoog 500g
disc

3 large aluminum 500g 200g
disc

4 large aluminum luuu g 500g
disc

5 small aluminum 500g 2uug
disc

TSI expert system drawn in the form of a bar graph using the force data
from the slip test

4. A result plot showing the object displacement parameters indicated by the
TSI expert system drawn in the form of bar . graphs using the force data
from the slip test

The sample performance table for these cases consisted of a summary of the TSI

expert system displays obtained using the force data acquired during the slip test. The

input specifications used in Interface Program IT were similar to the ones used for the test

category 1. In these tests, a block consisting of 100 points of data corresponded to a real
time window of 100 ms. For all the eight test cases, the graphs defined in the validation

package were obtained and the sample performance table was generated using the results
from Interface Program IT. A set of validation plots obtained from the data from test 1 are

shown in Figures 7.18, 7.19 and 7.20. The raw force data plotted as a function of the task
time is shown in Figure 7.18. The motion of the sample over the sensors was captured by
the measured forces which are shown in the form of a a dip in the force value in Figure
7.18 on sensors at different times. The plots showing the cumulated grasped and released
levels plotted against the task time are shown in Figure 7.19. Since the variation of the
total force on all the sensors remained constant for most part of the test except toward the
end of the task, the corresponding plots of cumulated primitive value and the decision
filter output show such a characteristic in Figure 7.19. Figure 7.20 shows the force deci
sion parameters obtained by executing Interface Program IT using the slip test 1 data. The

grasped and released levels (mostly 0) shown in this figure emphasizes that if the total
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force on the tactile sensors were to remain constant, then the task oriented procedure will
not yield any task status decisions. The object displacement parameters obtained from
this test did not indicate either a static or a dynamic displacement anytime during the
task. This was considered reasonable because in the absence of total sensing system
force variations the procedure will not be able to identify any real transitions.

The performance of Interface Program II when used with the data from artificial slip
test 1 has been summarized in the test 1 performance table shown in Table 7.6. This table
lists all the task status parameters and assigns a figure of merit to each set of decisions
obtained from each block of force data.

The plots listed in the validation package were obtained using the data from the

eight artificial slip tests listed in Table 7.5. The results for the eight test performance
tables were also obtained using Interface Program II. The raw force plots and the force
decision plots described in the validation package for the artificial slip tests 2,3, and 4 are

given in Appendix G. The corresponding sample performance tables obtained from the
TSI expert system results which used data from tests 2, 3, and 4 are also given in Appen
dixG.

7.3.5. Performance of the task oriented procedure

The four specific categories of tests were selected in order to substantiate a number
of inferences about the complete task oriented tactile sensing procedure.

The raw data plots from the first three categories of tests clearly show the grasping
and releasing trends observed during the task. This demonstrates the effectiveness of the
tactile sensing and the data acquisition hardware of the prototype gripper system to obtain
data which contain the important dynamic characteristics of a task. The raw data plots
have also indicated in test category 1 the variations in grasping and releasing forces that
were recorded by the same sensors. This emphasizes the fact that using non uniform sen

sors it is possible to characterize the dynamic force data as long as the relative values of
forces at different times are used for tactile imaging. This tends to validate the technique
of tactile imaging used in the task oriented procedure.

In the raw data from the category 2 tests, it was seen that at the time of switching
from a grasping operation to a releasing operation, the curves become horizontal. The

switching and other noise do not COlTUpt the data, probably because of the flexible back

ing used in the tactile sensors. The behaviour of the raw forces shows good repeatability
and stable, primarily monotonic responses, as evident from the raw plots of the

repeatability tests. The raw data plots from the artificial slip tests indicate a dip in the
force measured by some of the sensors when the sample passes over it The depth of the
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Figure 7.18: Raw force data measured by the tactile sensors during the artificial
slip test 1 •
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Table 7.6: A summary of the task status parameters obtained from the TSI expert
system using the data from the artificial slip test 1 •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment

1 y 0 0 0 0 No Nodir Yes
2 y 0 0 0 0 No Nodir Yes
3 y 0 0 0 0 No Nodir Yes
4 y 0 0 0 0 No Nodir Yes
5 y 0 0 0 0 No Nodir Yes
6 y 0 0 0 0 No Nodir Yes
7 y 0 0 0 0 No Nodir Yes
8 y 0 0 0 0 No Nodir Yes
9 y 0 0 0 0 No Nodir Yes
10 y 0 0 0 0 No Nodir Yes
11 y 0 0 0 0 No Nodir Yes
12 Y 0 0 0 0 No Nodir Yes
13 y 0 0 0 0 No Nodir Yes
14 y 0 0 0 0 No Noair Yes
15 1 0 3 0 No Nodir Yes
16 0 1 0 3 No Nodir Yes
17 y 0 0 0 0 No Nodir Yes
18 y 0 0 0 0 No Nodir Yes
19 y 0 0 0 0 No Nodir Yes
20 y 0 0 0 0 No Nodir Yes
21 y 0 0 0 0 No Nodir Yes
22 y 0 0 0 0 No Nodir Yes
23 y 0 0 0 0 No Nodir Yes
24 y 0 0 0 0 No Nodir Yes.
25 y 0 0 0 0 No Nodir Yes
26 y 0 0 0 0 No Nodir Yes
27 y 0 0 0 0 No Nodir Yes
28 y 0 0 0 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 y 0 0 0 0 No Nodir Yes
31 y 0 0 0 0 No Nodir Yes
32 y 0 0 0 0 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 y 0 0 0 0 No Nodir Yes
35 y 0 0 0 0 No Nodir Yes
36 y 0 0 0 0 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
38 y 0 0 0 0 No Nodir Yes
39 1 0 6.25 0 No Nodir Yes
40 y 0 0 0 0 No Nodir Yes
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dip in the raw data curve depends on the weights w l, and w2. The weight wI determines
the applied force on the sensor and w2 determines the speed at which the sample passes
over the sensor.

Considering the raw data plots from all the tests in categories 1 to 4, it was con

cluded that the prototype gripper system hardware was suitable for measuring the

dynamic force data during the performance of the type of tasks examined in this project.

The intermediate results were used to validate the tactile imaging and the decision
filter performances. In the results obtained from test category 1, the plot of cumulated
grasped level is seen to be relatively less noisy when compared with the corresponding
plot showing the cumulated force primitives plotted as a function of task time. Similar
behaviour is seen from the intermediate result plots from tests in categories 2 and 4 also.
These show that the tactile imaging filter and the decision filter implementations are ap
propriate for the type of tasks investigated.

The performance tables obtained by summarizing the task status decisions arrived at

by the TSI expert system provide a means to identify the correctness of the procedure.
Considering the performance reported in Tables 7.2 and 7.3, the-last column indicates the
correctness of the task status decisions obtained from each block of data according to the
criteria established in Section 7.4.4.1. This. information was used to infer two main

characteristics of the task oriented procedure:
1. to determine a quantifiable performance index for the task oriented proce
dure, and

2. to identify the type of tasks for which the technique could be applied.

The performance index was defmed as the percentage of correct task status deci
sions obtained during a single test run. For tests in categories 1 and 3, a single test run

consisted of a grasping or a releasing operation performed on any of the nine samples,
whereas for tests in category 2, the combined grasping and releasing operation on any
one sample constituted a single test run. For artificial slip tests, each test included in

Table 7.5 was considered a test run.

The performance index was evaluated from the sample performance tables deter
mined from the data in each of the four test categories 1, 2, 3, and 4. The index was

tabulated in the form of four tables, each corresponding to the test category from which
\

the indices were determined,

Table 7.7 shows the performance indices obtained from the nine grasping and nine

releasing tests in category 1. The - performance indices which were evaluated using the

sample performance tables obtained from the tests in Categories 2 and 3 are shown in
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Tables 7.8 and 7.9 respectively. The performance indices for the procedure in case of the
artificial slip tests are shown in Table 7.10.

Table 7.7: Performance index of the task oriented procedure using results from in

dependent grasping and releasing [Category 1] tests.

Serial number Sample tested Type of the task Percentage of
performed correct decisions

1 Sample 1 Grasping 80.0
2 Sample 1 Releasing 97.5
3 Sample 2 Grasping 92.5
4 Sample 2 Releasing 95.0
5 Sample 3 Grasping 92.5
6 Sample 3 Releasing 97.5
7 Sample 4 Grasping 82.5
8 Sample 4 Releasing 97.5
9 Sample 5 Grasping 80.0
10 Sample 5 Releasing 87.5
11 Sample 6 Grasping 57.5
12 Sample 6 Releasing 97.5
13 Sample 7 Grasping 62.5
14 Sample 7 Releasing 85.0
15 Sample 8 Grasping 62.5
16 Sample 8 Releasing 92.5
17 Sample 9 Grasping 72.5
18 Sample 9 Releasing 87.5

The tables showing the performance indices for the task oriented approach indicate
that the task status decisions in a majority of cases have been correct with varying
degrees of accuracy. The mean value of the percentage of correct decisions were found to
be 84.3 % for category 1 tests, 82.7 %for category 2 tests, 75.2 %for category 3 tests and
100 % for category 4 tests. The 100 % accuracy obtained in the case of category 4 tests

was not considered because the decision making employed in the task oriented procedure
relied on the variation of forces with task time. Therefore, this was dismissed as a trivial
case. An overall index for the task oriented procedure was evaluated by taking the mean

value of the performance indices obtained from the tests in categories 1,2, and 3 and this
value was found to be 80.4 %. Therefore, it can be concluded for a general purpose
grasping or releasing task, the task oriented procedure defined here will be able to iden

tify the correct task status of the gripperwith an accuracy of 8004 %.
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Table 7.8: Performance index of the task oriented procedure using results from
Combined grasping and releasing [Category 2] tests .

Serial number Sample tested Type of the task Percentage of
performed correct decisions

1 Sample number 1 Grasp then 100.0
release

2 Sample number 2 Grasp then 87.5
release

3 Sample number 3 Grasp then 95.0
release

4 Sample number 4 Grasp then 75.0
release

5 Sample number 5 Grasp then 82.5
release

6 Sample number 6 Grasp then 75.0
release

7 Sample number 7 Grasp then 90.0
release

8 Sample number 8 Grasp then 75.0
release

9 Sample number 9 Grasp then 85.0
release

Table 7.9: Performance index of the task oriented procedure using results from
Repeatability [Category 3] tests.

Serial number Tnalnumber Type of task Percentage of
performed correct decisions

1 1 Grasping 85.0
2 1 Releasing 97.5
3 2 Grasping 77.5
4 2 Releasing 85.0
5 3 Grasping 67.5
6 3 Releasing 62.5
7 4 Graspin� 57.5
8 4 Releasing 70.0
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Table 7.10: Performance index of the task oriented procedure using results from
artificial slip [Category 4] tests.

Serial number Simulated slip Sample used Percentage of
test type correct decisions

1 Test 1 Sample 1 :Small 100.0
alluminum disc

2 Test 2 Sample 1 :Small 100.0
alluminum disc

3 Test 3 Sample 1 :Small 100.0
alluminum disc

4 Test 4 Sample 2:Large 100.0
alluminum disc

5 Test 5 Sample 2:Large 100.0
alluminum disc

The next logical step after the task status had been identified was to investigate the

possibility of designing a control scheme which could interpret the task status to obtain a

set of control decisions. The strategy for determining the control decisions should take

into account the nature of the task status parameters, their accuracy, and the time

availability during a task. The task status decision parameters, grasped level and released
level often displayed similar values and therefore, amethod was needed to extract consis
tent control parameters. The confidence factor associated with the task status parameters
was shown to be useful for proper task status interpretation. These parameters could be

used in arriving at control decisions which would be meaningful. The mean value of

performance index obtained for the task status indications were about 80 %. Therefore,
the control decisions should consider the variation of relative task status parameters
rather than their absolute values.

Using these requirements, a preliminary control scheme was designed, developed
and tested. As the control scheme was primarily used to demonstrate the feasibility of
using the task status parameters in a meaningful way, control schemes which could be

integrated into Interface Program II were explored. The details are described in the next

section.
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7.4. Control Decisions From Task Status

When a robot hand has to grasp an object or release a held object, the gripper con
tact forces may be used to guide the successful accomplishment of the task. For a task
oriented grasp, the hand should grasp the object such that it is stable and the grasping
scheme proposed should be able to guide the gripper controller to complete the task ef

fectively.

7.4.1. Scope of the work

For a real time task, two possible control actions which could be initiated on-line to

improve the contact state of the gripper were identified. While grasping an object using
parallel jaws, the gripper fingers may be activated so as to grip with an increased force,
or the fingers may be moved relative to the object position in any direction. Similarly, in
the case of a releasing operation, either the gripper force can bemaintained or reduced, or
the grippers may be moved to prevent dropping of the object.

In order to formulate the correct control decision, based On the task status obtained
in terms of the parameters discussed earlier, two control decisions were identified at the

top level:"Conaction" and "Movcond", for force 'control action' and gripper 'movement
condition', respectively. The parameter "Conaction" was used to decide whether there
should be an increase or no change in the gripping force, and the parameter "Movcond"
was used to decide whether the gripper should be moved relative to the last object posi
tion.

7.4.1.1. Hierarchy of the control decision parameters

Since the control decisions were to be determined solely from the force data, the
most direct approach was to compare the task status of the gripper from adjacent time
intervals. The choices for the values taken by the two main control decision parameters
were governed by the values taken by the task status parameters. Using this information,
hierarchies of parameters used to identify the two control decision parameters, Conaction
and Movcond were determined. These are shown in Figures 7.21 and 7.22 respectively.
The formulation of these hierarchy diagrams were based on the following rules: 1. any
control action should be a function of the force variations identified between two succes

sive blocks of data, and, 2. any movement action of the gripper should be a function of

the identified relative object displacements determined from two successive blocks of
data. These rules were incorporated in the hierarchy diagrams shown in Figures 7.21 and
7.22 by making the Conaction parameter a function of two other parameters ,"Forcinc

"

,

and "Relcond". The Movcond parameter was a function ofthe two parameters," Stamov"
and "Dynmov". These four parameters, Forcinc, Relcond, Stamov, and Dynmov were
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defined to represent conditions which indicate 'force increase', 'relative task status con

ditions', 'static movement', and 'dynamic movement' between two successive data

blocks, respectively.

Figure 7.21: Hierarchy diagram for the parameter "Conaction" •

The dependencies of the two parameters, Forcinc and Relcond are also shown in

Figure 7.21. The parameter Forcinc depended on the type of task being performed and

the category of levels exhibited by the task status parameters. The type of task was one of
grasping, releasing, or none. Within each time interval for which task status parameters
have been determined, the levels of grasping and releasing were categorized. For ex

ample, if the task status parameters were determined from the force data acquired during
a 100 ms time period, then, the reference grasping and releasing level at the beginning of
this time interval was set to 0 and the cumulated grasping and releasing levels at the end

of the 100 ms period were indicated by the TSI expert system. To categorize this infor

mation, the following criteria were used. A pure grasp with no releasing levels was dif

ferentiated from a grasp with one or more releasing levels within the same time interval.

Further sub-categorization consisted of identifying the number of graspings and releas

ings and assigning different values of confidence factors for each type of task behaviour.
The number of sensing sites reporting the specified task type data were considered in
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Figure 7.22: Hierarchy diagram for the parameter "Movcond".

calculating the composite confidence levels. Thus, in summary, the category of levels

assigned to the parameter Forcinc depended on the combined effects of the four task

status parameters, namely, grasping and releasing levels, and their associated confidence
factors.

The parameter Relcond determined the relative behaviour of the gripper states

during two consecutive time periods. This was a function of the task type, which could be

grasping, releasing or unknown, the relative cumulated grasping and releasing levels, and
the relative confidence factors calculated for each type of task behaviour.

In order to restrict the possible values which the parameter Conaction can take, it
was necessary to identify those situations which would be commonly encountered in a

real task. This was done using intuitive reasoning tools, which could eliminate a number

of combinations of the dependent parameters. This is explained in the next section.

7.4.1.2. Heuristic reasoning

The task status parameters were determined using data either from a 100 ms or a

200 ms time window and a maximum allowance of four possible transitions was set. If

there were more than four transitions, then the data were deemed to be too noisy to inter
pret. The resulting task status parameters identified. both grasping and releasing types of
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task behaviour using levels zero to four only. This resulted in 20 independent combina
tions of grasping and releasing levels for identification. Within the block of data pertain
ing to a set time window, the instants at which the grasping and releasing levels were

reported were ignored for determining the parameter Conaction. However, this infor

mation was used to determine the static and dynamic displacements of the object relative
to gripper fmgers.

The parameter Movcond determined whether the gripper should be instructed to

move relative to the current objectlocation. As shown in Figure 7.22, this parameter
depends on the two displacement parameters "Stamov" and "Dynmov". Stamov was

determined from the task status parameters, sodl and sod2, which were the reported static

object displacements during two successive time windows (of 100 ms or 200 ms dura

tion). The parameter Dynmov was determined from the corresponding dynamic displace
ments, dodl and dod2. The static displacements were given a higher priority and weight
while determining the resultant recommended. movement The parameter Movcond in

dicated the direction ofmovement in terms ofNorth, South, East, West, North east, North

west, South east and South west as defined in Section 6.2.4, in Chapter 6.

In the assignment of symbolic values to the control decision parameters, Conaction
and Movcond, a measure of confidence level had to be embedded in each value to enable

correct interpretation of the control decisions. The criteria for allocation of confidence

levels for various values of the two parameters are outlined in the following paragraph.

7.4.2. Assignment of confidence levels

The magnitudes of the grasping/releasing levels were considered in calculating the

confidence factors for specific status decision parameters. For example, in the caseof two

time intervals which have indicated task status parameters as follows; the first one reports
four transitions, in which the task status parameters, the grasping level and the releasing
level, were assigned a value 2, and the second one reports one transition, in which the

task status parameter grasping level was assigned a value 1. The latter was assigned a

higher value of confidence factor compared to the former, because, the status indication

in the second case, namely, a pure grasping, was a better form of confirmation compared
to the first one in which both grasping and releasing were identified. If four transitions

were reported and all four of them indicated grasping, then the confidence factor for

grasping was higher.

The confidence levels assigned to the parameters were based on the confidence

levels of their dependent parameters. For Conaction, the allocation considered the levels

assigned for Forcinc and Relcond, while for Movcond, the confidence levels of Stamov

and Dynmov were considered.
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The possible symbolic values resulting for the parameter Forcinc were divided into
23 categories, and those for Relcond were divided into 7 categories. The contribution of
the two parameter confidence levels to the confidence level of Conaction was equal. In

the case of Movcond, the contribution of the confidence level associated with Stamov
was given a higher weight and priority over the one associated with Dynmov. Using these

ideas, tables were formed to indicate the confidence level associated with the control
decision parameters when they have a particular symbolic value.

In order to incorporate the features described above, the development of a conven
tional program to determine the control parameters was considered. Because of a number
of different rule based conditional inferences present in the decision hierarchies, the im
plementation of the reasoning mechanisms were found to be too complex. In addition, the
need to consider the accuracy of the task status parameters required an excessive number
of function calls to perform simple operations.

A knowledge based expert system implementation proved to be a better alternative
to the conventional program. In this case, the control decision parameters could be

readily identified using hierarchy diagrams and the various reasonings and interpretations
could be performed with relative ease. Since the knowledge sources were separated from
the algorithms, an expert system was easier to debug than a conventional program. The

accuracy of the task status parameters could be readily included in the expert system
decisions by way of certainty factors. In order to reduce development time, the expert
system was designed using the KES tool. The implementation of the expert system
designed and built to obtain the control decision parameters from task status are

described in the following section.

7.4.3. Preliminary design of a Control decision indicator expert system

In order to determine the control decision parameters using the task status

parameters, a knowledge base was designed and built. The expert system which used this

knowledge base to determine the control actions was called the "Control decision in

dicator" (CD!) expert system.

The control decision logic, most of which was based on human heuristic knowledge,
was formulated and implemented in the expert system. Since the CDI expert system was

also developed using the KES tool, it could also be embedded into Interface Program II.

The parameter "Conaction" was evaluated based on its symbolic value assigned by
the expert system. The symbolic value, in tum, was assigned based on the values of the

dependent parameters, Forcinc and Relcond. The parameters Forcinc and Relcond were

given values using the backward chaining rules incorporated in the knowledge base. For-
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cine considered the task type(grasping or releasing) and the category (1, 2 or 3 defined in
Section 7.4.1.1) to which the task status parameter,"result", belonged, as determined from
the last two successive data blocks. If the task type was unknown, it was taken as grasp

ing, by default.

The parameter Relcond accounted for the changes in the task status between two

successive data blocks by comparing the four task status parameters, namely, the grasp

ing level, the releasing level, and the confidence factors associated with each of these two

decisions, as determined by the TSI expert system. The parameter Forcinc could be as

signed with 23 different symbolic values (11 for a grasping type of task, 11 for releasing,
and 1 for no change of status) and Relcond was assigned with 6 different symbolic values
(3 each for grasping and releasing type tasks).

The contribution of the two parameters, Forcinc and Relcond, towards strengthening
or weakening of the two control decisions, namely "increase the gripper force" or "do not
increase the gripper force" was considered first. Based on their contributions, look up
tables were formulated to assign a percentage confidence value for each symbolic value

of the two parameters, Forcinc and Relcond. The assigned confidence values for the

parameter Forcinc are shown in Table 7Ml, and those for the parameter Relcond are

shown in Table 7.12. Based on the Cl'it�on of equal weight to its two dependent
( \

parameters, the parameter Conaction ob�e� a resultant confidence value for each of its

assigned symbolic values. This was calculated by averaging the confidence values as

signed to the respective symbolic values of the two parameters Forcinc and Relcond.

Table 7.13 shows the confidence values for the parameter Conaction when it is assigned
with different symbolic values, which are indicated in the first column.

In a similar manner, the parameter "Movcond" was determined using the two dis

placement parameters "Stamov" and "Dynmov". In this case, a typical gripper movement
decision consisted of two possible altematives:"do not move the gripper" and "move

gripper in a particular direction". The symbolic value assigned to the parameter Mov
cond was based on the values taken by the dependent parameters, Stamov and Dynmov.
The parameters Stamov and Dynmov were determined using the forward chaining rule

incorporated in the HT knowledge base. Based on the symbolic value assigned to these

two parameters, Movcond was assigned one ormore symbolic values. The value taken by
the parameter Movcond showed the direction in which the gripper should move. The

confidence value associated with Movcond was based on the symbolic certainty factor

assigned to it by the HT inference engine. The symbolic values assigned to Movcond

consisted of the eight directions of gripper movement, namely, North, South, East, West,
North east, North west, South east and South west, defmed in Section 6.2.4, and a con

dition corresponding to no movement (Nodir). The values assigned to Stamov and Dyn
mov were based on the static and dynamic object displacement parameters determined by
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Table 7.11: Assigned confidence values for symbolic values of the parameter
"Forcinc"

Decision: Increase gripping foree Decision: Do not increase zrinz.force
Symbolic value Confidence level, � Symbolic value Confidence level, �

foreincl 80 forcinc13 80
foreinc2 70 forcinc14 70
foreinc3 60 forcinc15 60
forcinc4 40 forcinc16 40
forcinc5 36 forcinc17 36
foreinc6 33 forcinc18 33
foreinc7 30 forcinc19 30
forcinc8 20 forcinc20 20
foreinc9 16 forcinc21 16
forcinclO 13 foremc22 13
forcincl1 10 forcinc23 10
forcinc12 0

the TSI expert system. For evaluating the value for the parameter Movcond, static dis

placements were given a higher weight than the dynamic displacements. This was based
on the inference obtained in Section 7.3.4.2, in which it was found that in a majority of
cases, the static object displacements represented object slip while the dynamic object
displacements (alone) represented transient object movements. Table 7.14 shows the con

fidence levels for the parameter Movcond when its dependent parameters take various

symbolic values. Table 7.15 shows the relationship between the Inferred Direction (ID)
and the Other Direction (00), which are used in the Table 7.14. In Tables 7.13 and 7.14,
the corresponding control decisions are also indicated. The interpretation of the various

parameter values are clarified in Section 7.4.4.1.

7.4.4. Control decisions from sample test data

To test the control decisions, the task status parameters obtained from the nine inde

pendent grasping and releasing sample data from the tests in category 1, and the nine

combined grasping and releasing data obtained from the tests in category 2, were used to

formulate a set of control decision tables for the various tasks.

The input for the CDI expert system consisted of task status parameters evaluated
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Table 7.12: Assigned confidence values for symbolic values of the parameter
"Relcond" •

Decision: Increase gripping force Decision: Do not increase gripg.force

Symbolic value Confidence level, 11( Symbolic value Confidence level, 11(

rconla 80 rconlr 80

rconzz 60 rcon2r 60

rcon3g 40 rcon3r 4U

rcondO 0 rcondO 0

on-line and stored in two designated files, These files were set up so as to permit com
munication with the COl expert system. The task status parameters were obtained using
the data from 100 ms time window containing dynamic force data from the eight tactile
sensors.

The task status parameters from the 40 blocks were used to formulate control deci

sions using the CDI expert system. The task status parameters from two successive

blocks were grouped and delivered to the CDI expert system. The CDl expert system

processed the task parameters and obtained the control decisions for every 2 block set of

data. The two main control decision parameters determined by the CDI expert system
from each set of task status parameters were Conaction and Movcond. The dependent
control parameters, Porcine, Relcond, Stamov and Dynmov were also determined and

displayed.

Figure 7.23 shows the complete flow chart of the task oriented procedure used to

obtain control decisions from dynamic force data. The various modules and system

developed for the project, were integrated into a single program which executed the main

stages shown in this diagram.
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Table 7.13: Assigned confidence values for symbolic values of the parameter
"Conaction''

Decision: Increase gripping force Decision: Do not increase gripping force

Symbolic value Confidence level, � Symbolic value Confidence level, �
ConactUU 0 ConactOO 0

ConactglO 40 ConactrlO 40

Conact gl l 80 COnactrll 80

Conactg12 70 Conactr12 70

Conactg13 60 Conactr13 OU

Conactg20 35 Conactr20 35
.-

Conactg21 75 Conactr21 75

Conactg22 65 Conactr22 65

Conactg23 55 Conactr23 55

Conactg30 30 Conactr30 30

Conactg31 70 Conactr31 70
Conact g32 60 Conactr32 OU

Conactg33 50 Conactr33 50

Conactg40 17.5 Conactr40 17.5
Conact g41 57.5 Conactr41 57.5

Conactg42 47.5 Conactr42 47.5

Conactg43 37.5 Conactr43 37.5

Conactg50 7.5 ConactrSO 7.5
Conact zfl 47.5 ConactrSl 47.5

Conactg52 37.5 ConactrS2 37.5

Conactg53 27.5 ConactrS3 27.5

7.4.4.1. A preliminary analysis of the control decisions

A summary of control decisions formulated by the CDr expert system using the data
from test Category 1, obtained while performing independent grasping and releasing
operations on sample 2, are shown in Tables 7.16 and 7.17 respectively. The control

decisions formulated using the data from test Category 2, which involved the combined

grasping and releasing operation performed on sample 2, are shown in Table 7.18. The

control decisions obtained from test I in Category 4 are shown in Table 7.19. These
tables contain the decisions from 20 consecutive block sets of data. Each block set ac

counts for a 200 ms time period of the task in case of the results from test Category 1,
and a 400 ms time period in case of the results from test Category 2.
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Table 7.14: Confidence level assignment for the parameter "Movcond" and its as

sociated decisions .

Stamov Dynmov Movcond Decision Confidence,%
No direction None CondmO Do not move 100
Indicated Indicated Opposite MoveinOpp. 100
direction direction direction direction
Indicated None Opposite MoveinOpp. 75
direction direction direction

No direction Indicated Opposite MoveinOpp. 50
direction direction direction

Indicated Opposite Opposite Do notmove 50
direction direction direction

Table 7.15: Relationship between the "Indicated direction" and the "Opposite
direction" used in CDI knowledge base.

Indicated direction Oonosite direction
North South, Southeast, Southwest
South North, Northeast, Northwest
East West, Northwest, Southwest
West East, Northeast, Southeast

Northeast West, South, Southwest
Northwest South, East, Southeast
Southeast North, West, Northwest
Southwest North, East, Northeast

The control decisions were obtained from the task status parameters obtained from
two successive data blocks. Each decision was associated with a confidence level which

was used to interpret the decision so as to make a final choice.

The results obtained in Table 7.16 were evaluated for accuracy. The task status

parameters corresponding to the two blocks 19 and 20 showed that there was no change
in the gripper contact states and the corresponding control decision was in favour of no
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Figure 7.23: Complete flow chart of the task oriented procedure •

action to be taken either to increase the gripper force or to move the gripper fingers. The
task status from the subsequent two blocks, 21 and 22, showed that the task status data

from the first block displayed a grasping level of 1 and releasing level of zero, with the

confidence level being. higher for the grasping decision. This was indicated in the cor

responding control decision which was to take no action. Likewise, the task status data
from blocks 9 and 10, showed releasing levels of 1 and 2 for the two blocks, with cor

responding levels of 0 and 2 for grasping. Therefore, the corresponding control action
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Table 7.16: Summary of the results displayed by the CDl expert system - Test
Category 1: sample 2 grasping.

Blk.no Time Force decision Confidence Mov.decisionConfidence Remarks
period.ms % %

1,2 Oto 200 maintain same 100 do notmove 100 --

3,4 201 to 400 do not increase 43 do not move 100 --

5,6 401 to 600 do not increase 66 do not move 100 --

7,8 601 to 800 do not increase 54 do not move 100 --

9,10 801 to 1000 increase force 67 move East JOO large slip in
West direction

11,1� 1001 to 1200 increase force 28 do not move 100 --

13,14 1201 to 1400do not increase 78 do not move 100 --

15,H 1401 to 1600 maintain same 100 do not move 100 --

17,H 1601 to 1800 maintain same 100 do notmove 100 --

19,2C 1801 to 2000 maintain same 100 do not move 100 --

21,2� 2001 to 2200 maintain same 100 do not move 100 --

23,24 2201 to 2400 do not increase 78 move North 50 small slip in
South direction

25,2l 2401 to 2600 do not increase 84 do not move 100 --

27,2� 2601 to 2800 do not increase 100 move East 75 slip inWest
direction

29,30 2801 to 3000do not increase 100 move North 75 slip in South
direction

31,32 3001 to 3200 do not increase 77 do not move 100 --

33,3.:l 3201 to 3400 96 move South 50 small slip in
North direction

35,3l 3401 to 3600 maintain same 100 moveWest 75 slip in East
direction

37,3� 3601 to 3800 maintain same 100 do not move 100 --

39,4C 3801 to 4000 maintain same 100 do not move 100 --

recommended was to increase the gripper force to prevent slippage. The direction of
movement suggested for the gripper was East, since the object had experienced both
static and dynamic displacements in the West direction, according to the TSl expert sys
tem display.
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Table 7.17: Summary of the results displayed by the CDI expert system - Test
Category 1: sample 2 releasing.

Blk.no Tune Force decision Confidence Mov.decisionConfidence Remarks
period,ms % %

1,2 o to 200 maintain same 100 do notmove 100 --

3,4 201 to 400 increase force 85 do not move 100 --

5,6 401 to 600 maintain same 75 do not move 100 --

7,8 601 to 800 maintain same 75 move South 50 small slip in
North direction

9,10 801 to 1000 increase force 85 move South 75 slip-in North
direction

11,12 1001 to 1200 increase force 28 do not move 100 --

13,1� 1201 to 1400 maintain same 100 do not move 100 --

15,H 1401 to 1600 increase force 28 do notmove 100 --

17,H 1601 to 1800 maintain same 100 do not move 100 --

19,2( 1801 to 2000 maintain same 100 do not move 100 --

21,22 2001 to 2200 maintain same 100 do notmove 100 --

23,2.:1 2201 to 2400 maintain same 100 do not move 100 --

25,2l 2401 to 2600 maintain same 75 do not move 100 --

27,28 2601 to 2800 maintain same 100 do not move 100 --

29,3( 2801 to 3000 maintain same 100 do not move 100 --

31,32 3001 to 3200 maintain same 100 do not move 100 --

33,3£ 3201 to 3400 maintain same 100 do not move 100 --

35,3l 3401 to 3600 maintain same 75 do not move 100 --

37,3� 3601 to 3800 maintain same 100 do not move 100 --

39,4( 3801 to 4000 maintain same 75 do notmove 100 --
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Table 7.18: Summary of the results displayed by the CDI expert system - Test
Category 2: sample 2 combined grasping and releasing.

Blk.no Tune Force decision confidence Mov.decision IConfidence Remarks
period.ms % %

1,2 o to 200 do not increase 79 move 75 slip in North
Northeast &SW direction.

3,4 201 to 400 increase force 80 move 50 small slip in
Northeast SW direction

5,6 401 to 600 increase force 38 move 50 small slip in
Northeast SW direction

7,8 601 to 800 increase force 38 move East 50 small slip in
West direction

9,10 801 to 1000 maintain same 75 move 75 slip in NE
Southwest direction

11,12 1001 to 1200 do not increase 85 do not move 100 --

13,1� 1201 to 1400 do not increase 85 move East 75 slip inWest
direction

15,H 1401 to 1600 do not increase 84 move 75 slip in S &W
Northeast direction

17,H 1601 to 1800 do not increase 100 move 75 slip in S &W
Northeast direction

19,2( 1801 to 2000 do not increase 57 do notmove 100 --

21,22 2001 to 2200 do not increase 86 move East 75 slip inWest
direction

23,2.:1 2201 to 2400 do not increase 97 move East 75 slip in West
direction

25,2t 2401 to 2600 do not increase 56 do not move 100 --

27,2� 2601 to 2800 increase force 87 move 50 small slip in
Southwest NE direction

29,3( 2801 to 3000 do not increase 81 move 75 slip in SW
Northeast direction

31,32 3001 to 3200 increase force 86 moveWest 50 small slip in
East direction

33,34 3201 to 3400 increase force 77 moveWest 100 large slip in
East direction

35,3f 3401 to 3600 increase force 51 do not move 100 --

37,3� 3601 to 3800 increase force 51 move 75 slip in NE
Southwest direction

39,4( 3801 to 4000 do not increase 43 do not move 100 --
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Table 7.19: Summary of the results displayed by the CDI expert system - Test
Category 4: artificial slip test 1 •

Blk.no Time Force decision Confidence Mov.decisionConfidence Remarks

period,ms % %

1,2 Ot0200 maintain same 100 do not move 100 --

3,4 201 to 400 maintain same 100 do not move 100 --

5,6 401 to 600 maintain same 100 do not move 100 --

7,8 601 to 800 maintain same 100 do not move 100 --

9,10 801 to 1000 maintain same 100 do notmove 100 --

11,1� 1001 to 1200 maintain same 100 do not move 100 --

13,V 1201 to 1400 maintain same 100 do not move 100 --

15,H 1401 to 1600 increase force 28 do notmove 100 --

17,U 1601 to 1800 maintain same 100 do not move 100 --

19,2( 1801 to 2000 maintain same 100 do notmove 100 --

21,2: 2001 to 2200 maintain same 100 do not move 100 --

23,2� 2201 to 2400 maintain same 100 do not move 100 --

25,2t 2401 t02600 maintain same 100 do not move 100 --

27,2� 2601 to 2800 maintain same 100 do not move 100 --

29,3( 2801 to 3000 maintain same 100 do not move 100 --

31,3� 3001 to 3200 maintain same 100 do not move 100 --

33,3L 3201 to 3400 maintain same 100 do not move 100 --

35,3<: 3401 to 3600 maintain same 100 do notmove 100 --

37,3� 3601 to 3800 maintain same 100 do not move 100 --

39,4( 3801 to 4000 maintain same 100 do not move 100 --

Similar accuracy studies were conducted using the results obtained in the other sum

mary tables. These tests were used to confirm the two main objectives of the investiga
tion, namely, the adequacy of the chosen.control parameters for performing real time

tasks and the correctness of the proposed evaluation technique.

Thus it was inferred that a simple rule of selecting the decision based on the highest
value of confidence level may be used to obtain appropriate control decisions. Applying
this rule, it was evident that the decisions obtained in Table·7.16 were appropriate for the
successful completion of a grasping task, and the decisions in Table 7.17 were ap

propriate for a releasing task. Similar interpretations of the control decisions shown in

Table 7.18 showed that appropriate control decisions were obtained for tasks which in

volve both grasping and releasing operations.
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It was also clear from the results shown in Tables 7.16 and 7.17 that whenever a
noticeable slip (which has been denoted as a large slip to distinguish it from a small slip)
occurred, as evidenced by a static object displacement, the CDr expert system recom

mended an increase in the gripper force as well as amovement of the gripper.

The control decisions were obtained for all the other 8 sample tests in test categories
1 and 2. A summary of the control decisions obtained from the tests which involved the

samples 1,5, and 7, in both the test categories, 1 and 2, are given in Appendix H. It can
be seen that in all the cases, concurring results similar to the ones obtained in the case of

sample 2, have been obtained.

The control decision parameter values displayed by the expert system provided cor
rect recommendations in about 70 % of the tested cases. The direction of gripper move
ment to compensate for the static and dynamic displacements of the object relative to the

grippers were also indicated. These decisions can be used to proceed with the task in the

presence of slip. This indirect method of slip detection and initiation of corrective action

appears to be suitable for general purpose gripping operations. However, for precision
tasks, this technique may have to be modified using additional sensors to detect slip in a

shorter time.

7.4.5. Limitations and recommendations

In the proposed task oriented procedure, during the performance of a grasping or

releasing operation, the real time data were first acquired, then on-line tactile images
were formed from the dynamic force data, and these images were processed to obtain a

set of decision parameters. These decision parameters were subsequently interpreted to

yield task status and control decision parameters. If such a system is to be designed for a
real time operation, an important factor to be considered is the time taken to do the
various operations. In the proposed procedure, the timing considerations were given
secondary importance in the design because of a primary need to study the feasibility of
the procedure before fine tuning the design.

Since timing considerations play a vital role in the real time execution of a task
oriented procedure, the times taken to perform all the operations envisaged in Interface

Program IT were evaluated using the "time" utility function of the UNIX operating sys
tem.
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7.4.5.1. Timing analysis

The performance tables obtained from the various tests included the data about the

timing requirements to process the raw data in order to achieve the task status and control
decisions. For every two block set of data, the user time and the system time were com

puted by Interface Program II. The user time is defmed as the cpu time spent in the

application program while the system time refers to the time spent in the operating. sys
tem kernel on behalf of the application program. These times were affected by the load
on a multi-tasking system, such as the one used to execute Interface Program II. There
fore, to arrive at an average value for the system time and CPU time, the times taken to

process two blocks of data were averaged over all the blocks. The averaged time values
are shown in Table 7.20. These are the average times to process the data obtained using
the nine grasping and releasing tests belonging to Category 1.
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Table 7.20: Average time to execute Interface Program II to process two blocks of
data ,

Serial number Test category Sample / test type Mean user time,s Mean system
time, ms

1 Category 1 Sample 1 46.36 640.0
graspg.

2 Category 1 Sample 1 35.16 596.0
releasg,

3 Category 1 Sample 2 45.84 610.5
graspg,

4 Category 1 Sample 2 38.62 591.5
releasg,

5 Category 1 Sample 3 45.82 767.0
f!faspg.

6 Category 1 Sample 3 36.54 673.5
releasg.

7 Category 1 Sample 4 48.86 558.0
f!faspg.

8 Category 1 Sample 4 34.70 655.5
releasg.

9 Category 1 Sample 5 46.72 730.5
graspg.

10 Category 1 Sample 5 28.56 542.5
releasg.

11 Category 1 Sample 6 48.14 714.5
graspg.

12 Category 1 Sample 6 34.94 683.0
releasg,

13 Category 1 Sample 7 50.16 739.5
graspg.

14 Category 1 Sample 7 39.42 703.5
releasg,

15 Category 1 Sample 8 48.16 540.5
arasne.

16 Category 1 Sample 8 35.58 515.0
releasa,

17 Category 1 Sample 9 44.38 778.5
graspg.

18 Category 1 Sample 9 36.76 519.0
releasa,

19 Cat. 2, Sample 1 43.96 585.0
grasp+rel.

20 Cat. 2, Sample 2 46.32 584.5
grasp+rel.

21 Cat. 2, Sample 3 44.46 568.0
zrasp-rel,

22 Cat. 2, Sample 4 61.54 603.0
grasp+rel.

23 Cat. 2, Sample 5 49.62 551.5
grasp+rel,
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Table 7.20: Average time to execute Interface Program II to process
two blocks of data (continued).

24 Cat. 2, Sample 6 53.26 546.5
grasp+rel.

25 Cat. 2, Sample 7 45.88 560.0
zrasp+rel.

26 Cat. 2, Sample 8 49.10 592.0
grasp+rel,

27 Cat. 2, . Sample 9 53.18 724.0
grasp+rel.

28 Category 3 Sample 1, trial 1 48.28 686.0
graSD!!:.

29 Category 3 Sample 1, trial 1 36.06 667.5
release,

30 Category 3 Sample 1, trial 2 52.62 761.5
zrasoa.

31 Category 3 Sample 1, trial 2 36.20 680.0
releasg.

32 Category 3 Sample 1, trial 3 53.37 757.0
zrasnz.

33 Category 3 Sample 1, trial 3 36.12 714.5
releasg.

34 Category 3 Sample 1, trial 4 57.48 638.0
zrasna,

35 Category 3 Sample 1, trial 4 36.98 516.0
releasg.

36 Cat. 4, artificial Test type 1 38.54 570.5
slip

37 Cat. 4, artificial Test type 2 39.18 587.5
slip

38 Cat. 4, artificial Test type 3 40.84 65-5.0
slip

39 Cat. 4, artificial Test type 4 42.96 674.5
slip

40 Cat. 4, artificial Test type 5 41.35 705.5
slip

From Table 7.20, it is evident that the average system time for all the cases is a

small fraction of the user time. This suggests that by optimizing the codes used in the

program implemented for digital filtering and other operations carried out by Interface
Program II, it should be possible to speed up the task oriented procedure. It was also
observed that further optimization of the procedure was possible by optimizing the design
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of the tactile imaging, the decision making and the dead band filters. The design of the
two expert systems, TSI, and CDI, could also be improved by using advanced develop
ment tools.

In the case of a pure slip occurring during a task, the technique will be able to reli

ably recognize slip only after the object has moved from the contacting sensor area. This
is seen as another limitation of the proposed method. Nevertheless, the proposed method
of slip characterization was seen to be sufficient for many general purpose gripping tasks.
For accurate slip detection, other techniques such as measuring vibrations at the contact

surface [112] ormeasuring object acceleration [113] may be used.

7.5. Conclusion

This Chapter described the software integration of the task oriented tactile sensing
procedure and the implementation and testing of the complete scheme. The procedure
was validated using experimental data obtained while performing a variety of grasping
and releasing tasks using a laboratory prototype system. A technique to formulate control
decisions from on-line task data was developed and the control decisions obtained were

found to be in agreement with human decisions which would have been taken under
similar circumstances.

The integrated computer program was able to determine the status of the gripper
contact from dynamic force data by suitably interpreting a set of decision parameters.
The interpretation of the decision parameters was achieved using an embedded expert
system in which a form of human-like decision making capability was incorporated.

The task status parameters obtained by the expert system were in the form of grasp
ing and releasing levels and associated confidence levels for the two decisions, obtained
from each block of data. The two object displacement parameters were the static and

dynamic object displacements, determined relative to the gripper position at the begin
ning of a data block. These parameters, evaluated from two successive data blocks, were
used to determine two control decision parameters, namely, Conaction and Movcond.

Conaction indicated three type of decisions, each with its associated confidence level.

They were:
1. increase gripper force,
2. do not increase gripper force, and
3. maintain the same status

The parameter Movcond indicated the direction of gripper movement recommended to

compensate for either the slippage or the twisting of the object while it was being
grasped. For the purposes of investigations in this project, the effect of slipping and
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twisting were considered to be the same. Combinations of the two decisions, Conaction
and Movcond, were found to be useful to guide the completion of the task. The validity
of the decisions from the TSI and CDI expert systems were demonstrated using summary
tables showing the expert system displays after processing every two-block set of ex

perimental data obtained while grasping and releasing nine different sample objects. The
detailed steps of the integration of the processing software and the embedding of the ex

pert system to form a single integrated program were.discussed.

The results obtained at various stages of system implementation using four different
categories of test, were obtained in the form of validation packages and performance
tables. These were defmed separately for each category of test. The validation .package
and performance table for one sample test from each category were used to represent the
results obtained and to validate the task oriented procedure. The significant results from
each test category were presented to relate them to the various features of the integrated
procedure. The limitations of the procedure and future directions for the investigation
have been identified.

In order to perform a task oriented gripping operation, the contact status of the grip
per displayedby the TSI·expert system provides a complete set of information about the
task including the direction of object displacement relative to the gripper. Using this in

formation, it has been shown that an on-line task can be carried out successfully by in
itiating an appropriate corrective action determined from the contact status of the gripper.
The static and dynamic displacements of the object occurring within a specified time in
terval may be used to identify slippages of the object which had occurred in the recent

past (100 ms time in the case study), and to initiate corrective action in order to proceed
with the task.



8. SUMMARY, CONCLUSIONS AND FUTURE DIRECTIONS

8.1. Summary

This thesis has described the design, development and implementation of a

computer-aided task oriented implementation procedure to determine the status of a

robotic gripper during a grasping or releasing operation. In this procedure, the dynamic
forces measured during grasping and releasing operations were used to determine the
status of the gripping task. A prototype gripper system was used to determine the real
time dynamic forces. These forces were stored in data files, partitioned into blocks each

containing 100 points of sampled force values. These data were processed by an in

tegrated computer program which performed tactile imaging and image interpretation to

facilitate decision making based on the force data. The decisions obtained from each
block of data were in the form of a set of task status parameters describing the grasping
and releasing levels with associated confidence factors and the object displacements
which could be identified based on a set of criteria.

Using the task status information, a method was also designed and implemented to

determine a set of control decisions which could be used to complete a task successfully.
The task status displayed by an expert system provided information which were used to

identify slippages of the object and to recommend corrective action.

To establish the suitability of the task oriented technique, it was first tested using
grasping and releasing data obtained from nine different samples. The results from these
tests were used to demonstrate the correctness of the task status decisions. Two additional

experiments were conducted to obtain sample data to check for consistency of decisions
and to test for slip detection. Consistency of decisions was checked using four independ
ent sets of test data using the same object. Robustness of the scheme has been tested

using a "combined grasping followed by releasing" type of test to obtain the task data for
each sample.

The slip test data were obtained from tests using different apparatus in a fourth ex

periment. The apparatus consisted of a finger pad fitted with eight tactile sensors laid

horizontally on a platform. Sample objects, which were loaded with different weights,
were dragged across so that the motion could represent a slipping situation. The sensor

22S
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outputs were recorded during the motion of the sample between two fixed points. Two
different sample objects were used with different combinations of weights.

The raw grasping and releasing data from each sensing site was plotted for each test,
and visually verified before storing. This examination of the data was performed using
the menu-driven graphical interface, Interactive Data Acquisition Tool (IDAT), of VAX
lab. The raw force data were pre-filtered before partitioning into 40 blocks of data, each
block consisting of 100 sampled values of force per sensing site. To account for the non

linearities of the sensor assembly, each sensor was modelled and calibrated using an ex

pert system-based modelling and calibration technique. In this technique, three types of
mathematical functions were fit to a set of input-output data, and the mean modelling
error based on a least error square method was determined and displayed to the user. The

embedded expert system component provided facilities to remodel or re-calibrate the sys
tem. The model parameters for all eight sensors were stored in the form of ASCII files.

Using the sensor model parameters, the measured values of forces on each sensing site
were converted to their corresponding values of applied force. From this data, force
images were formed by thresholding the applied force values to obtain force primitives at

each sensing site. The force images from the sensors were combined to form a tactile

image.

After obtaining a tactile image, decision parameters were formulated to facilitate

interpretation of the task status. For this purpose, a decision filter was designed and im

plemented using the MA'fLAB software library. The main factors considered for design
ing the decision filter were the transitional uncertainties, the number of sensors, and

timing and accuracy considerations. It was found from the tests conducted on the

prototype gripper system that there was a mean variation of about 8 % in the sensor read

ings for the same applied force for changes in the FSR material, the compliant backing,
and the point of application of the force. These errors contributed to the transitional un
certainties. The time constraints and error tolerance were two factors which were very
complex to determine for a practical system. The tradeoff between the pre-filter width
(for a moving average type low pass filter) and the allowable loss of dynamic force infor
mation was investigated to design the low pass filter,

To select a suitable filter width, the decision parameters were obtained from a case

study using grasping and releasing test data pertaining to one of the samples. Filters of
different widths, namely, 5, 10, 15 and 20 points were applied to the same data and the
decision parameters were analyzed to identify errors. The residual noise levels and the

processing time to obtain the tactile image, were used as criteria to select a 10 point filter
width for prefiltering, After considering noise and uncertainty criteria, a value of 50 g in
the force domain was selected as the inter-threshold range with an allowable margin of 4
g (which is 8 % of 50) around each threshold point. To identify the real transitions
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caused by a definite increase in the sensed force from those caused by noise and uncer

tainties, a dead band of lOin terms of the number of samples was also created. In a

separate case study, four arbitrarily selected dead bands (in time) of widths 5, 10, 15 and
20 points were incorporated in a decision filter and the decision parameters obtained in
each case were analyzed to determine a trade-off among the following: the ability of the
filter to reduce uncertain transitions, the loss of some of the real transitions, and the time
taken to arrive at a decision. Out of the four filters selected, it was found that a 10-point
dead band was suitable for the decision filter.

By incorporating the above factors, a decision filter was designed and implemented
in two stages. The first stage of the decision filter obtained the following information
from a tactile image: the positive and negative transitions in the tactile image, the sen

sors reporting positive and negative transitions, and the cumulative sum of forces on all
the eight sensors expressed in terms of a cumulated primitive value.

The second stage of the filter used this information along with the spatial displace
ment of the object, reflected in the form of force gradients (with respect to time) at suc
cessive transitions, to determine whether the data belonged to a grasping, a releasing or

an unclassified category. This produced a result in the form of an overall task status along
with an estimated sensor confidence factor. During the operation, the percentage of sen
sors indicating positive transitions was used to assign a value for a grasping confidence
factor, while the percentage showing negative transitions was usedto obtain a value for a

releasing confidence factor.

The object displacement was identified in the form of two distinct categories, static
and dynamic. A static object displacement was defined as detected motion of the object
occurring after the dead band period (10 msec) as against a dynamic displacement which
was determined by the object displacement detected within the dead band time period.
These two displacements were interpreted differently by the task status expert system.

The results obtained from the decision filter were validated by comparing cumulated
values of grasped/released levels with the corresponding variations of cumulative primi
tive values of forces from all the sensors. The cumulative primitive force value is an

indication of the total force on the gripper during the task.

After identifying the task status parameters to be displayed to a user, an on-line ex

pert system was designed using KES [107], and implemented. The expert system deter
mined a set of four force decision parameters and two object displacement parameters
and displayed them to a user. From these decisions, it was possible for the user to know
the status of an on-line operation. The force decision of the task status was derived from
the maximum grasped and released levels identified during the immediate past, and from
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the confidence levels in these decisions. The object displacement decisions were in the
form of identified static and dynamic displacements obtained from the same block of
data.

In order to integrate the various functional modules, two interface programs were

designed and implemented. The first program performed the off-line tasks of modelling
and calibration of the prototype tactile sensors. The second interface program was

designed to integrate the following on-line functions: filtering the raw data, assigning
force primitives and obtaining the tactile image, applying the decision filter to determine
the status parameters, storing these parameters in files in a suitable form to enable access

by the expert system, executing the Task status indicator expert system to display the task
status, and optionally executing a second expert system which recommends the control
action for successful completion of the task. Both interface programs were coded in the
"C" programming language.

For sensor calibration and modelling, Interface Program I was executed. This

program requested the user to input the modelling data in the form of pairs of input force
and resultant analog sensor outputs for each sensor. These data were transferred to the
modelling program which fitted suitable polynomials and stored the coefficients in desig
nated files. If a remodelling or calibration was requested, the program sought new data
from the user in the same format before activating the modelling/calibration expert sys
tem. The expert system displayed the modelling error in each case and compared it with
the sensor uncertainty value which was determined and stored separately.

For task status identification, Interface Program IT was used. The dynamic force
data in four different categories of tests which involved nine selected samples were ac

quired in real time and the data were stored in ASCIT files, Interface Program IT first
accepted a filename from which the real time data were obtained, as well as the number
of data points to be used per block, the beginning block number, and the type of task
attempted. Control was then transferred to the processing section of the program written

using MATLAB library files, This program loaded the relevant files containing the sen

sor models and formed the tactile images for two blocks, each containing the designated
number of points of data. The two images were then successively applied to the decision
filter and two sets of task status parameters were evaluated and stored. The TSI (Task
status indicator) expert system was then activated to read the decision parameters and
interpret them in the form of force decision and object displacement parameters to a user.

The two sets of task status parameters were successively displayed. The expert system
stored the status parameters in separate files, which could be accessed by another expert
system, or user, or another program. Interface Program IT finally executed the CDI (Con
trol decision indicator) expert system to display the recommended control actions for

proceeding with the task. The complete sequence of operations described above was
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tested with real time data obtained from four categories of tests, namely, independent
grasping and releasing of nine samples, combined grasping and releasing of the nine

samples, four repeatability tests, and four artificial slip tests.

To determine the suitability of the proposed scheme for real time tasks, performance
validation packages were obtained from each set of grasping and/or releasing test data. A

typical validation package consisted of the following information:
1. plots of raw sensor outputs from all the sensors,

2. plots of decision filter parameters and cumulated force primitives,
3. bar charts of TSI expert system outputs showing the force decision and ob
ject displacement decisions,

4. summary tables ofTSI expert system display's for each block of data, and
5. summary table of COl expert system output from two successive blocks of

data.

The task status parameters obtained by the expert system were in the form of grasp
ing and releasing levels and associated confidence levels for the two decisions, obtained
from each block of data. The two object displacement parameters were the static and

dynamic object displacements, determined relative to the gripper position at the begin
ning of a data block. These parameters evaluated from two successive data blocks were

used to determine two control decision parameters, namely, "Conaction" and "Movcond".

Atypical recommendation of the COl expert system consisted of a "control action"
and a "movement action". In the preliminary version of the COl expert system, these
were indicated by the two attributes, Conaction and Movcond, each specified with a cor

responding value of confidence level. Using the concept of human-like interpretation of
tactile information, a number of heuristic rules were incorporated in the COl expert sys
tem.

Conaction indicated three types of decisions, each with its associated confidence
level. They were: increase gripper force, do not increase gripper force, and maintain the
same status. Movcond indicated the desired direction ofmovement of the gripper relative
to the object in terms of a set of pre-defined directions. A confidence factor associated
with the movement decision was also displayed. Using the test data from three samples,
the control decisions were obtained for each of the three categories of tests. The recom-

I

mended control actions were found to be consistent with the nature of the task.

By comparing the task status decisions determined by the TSI expert with plots
showing the variation of forces on the gripper, and the raw force data plots, the correct

ness of the procedure was established. Using the task status information from the tables
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showing the summary of the results displayed to the user, it was confirmed that the

computer-aided procedure could be used to determine the on-line task status by process
ing the real time dynamic force data measured by the tactile sensors.

8.2. Conclusions

The goal of the project was to design develop and test a task oriented procedure to

determine the status of a tactile sensing gripper during a task. This objective was ach
ieved by analyzing the dynamic forces acquired during the task. The forces were ob
tained using a prototype gripper system and the force signals were utilized to produce a

tactile image. The changing tactile images identified during a task were interpreted to

reveal the status of a gripper.

The instantaneous normal forces measured by the prototype gripper system were

found to represent the force impulses acting on the gripper fingers during a task. The
variation of raw force data observed in the various test cases demonstrated the effec
tiveness of the prototype gripper system in capturing the grasping and releasing trends of
the task. The filtering of the raw data using a 5 point moving average filter was found to

be sufficient to eliminate random noise while preserving the dynamic information con

tained in the force data. The multi-level tactile imaging was found to be appropriate to

identify variation of forces as small as 0.5 N and this was adequate to obtain discernible

quantitative decision parameters for a set of selected tasks.

The contact status of the gripper displayed by the TSI expert system in the form of
task status parameters provided a complete set of information about the task including the
direction of object displacement relative to the gripper. Using this information, it was
shown that an on-line task could be carried out successfully by initiating an appropriate
corrective action determined from the contact status of the gripper. The static and

dynamic displacements of the object occurring within a specified time interval were used
to identify slippages of the object which had occurred in the recent past (100 ms time in

the case study), and initiate corrective action in order to proceed with the task.

The integrated computer program developed to determine the task status was

validated using experimental data obtained while performing a variety of grasping and

releasing tasks using a laboratory prototype system. The results showed that tha task
status determined in various cases gave correct displays in 80 % of the tested cases. The

interpretation of the decision parameters was performed by an embedded expert system
in which a form of human decision making capability was incorporated. The task status

obtained by using the task oriented procedure provided a sufficient set of information
about the task which included the direction of object displacement relative to the gripper.
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The technique used to formulate control decisions from on-line task data yielded
control decisions which were found to be in agreement with human decisions which
would have been taken under similar circumstances. In the case of a pure slip, this tech
nique was able to recognize slip after the object had moved from the contacting sensor

area. This was identified as the limitation of the procedure. Nevertheless, use of the in

tegrated procedure for slip characterization was observed to be applicable for general
purpose gripping tasks such as those used in the test cases.

From the test results, it was possible to determine control actions that a gripper
would need to take to carry out the task. The control decision parameters indicated
whether it was necessary to increase the gripper force, to decrease the gripper force, or to
maintain the same force. The direction of gripper movement necessary to compensate for
identified object movements with respect to the gripper was also indicated by the control
decision parameters. The Validity of the decisions from the TSI and COl expert systems
was demonstrated using summary tables showing the expert system displays after

processing every two-block set of experimental data obtained while grasping and releas
ing nine different sample objects.

The results obtained at various stages of system implementation using four different
categories of tests, were obtained in the form of validation packages and performance
tables. The validation packages were defined separately for each category of test. The
results from the validation packages demonstrated the correctness of the task oriented
procedure. The significant results from each test category were used to highlight the
various features of the integrated procedure.

8.3. Major Contributions

In achieving objectives of the project, the contributions in the area of robotic tactile

sensing and data interpretation are evident. The first contribution is the development of a
method to measure and store dynamic tactile forces during the performance of a task. The
sensing of forces was achieved using a commercial piezoresistive transducer, called
Force Sensing Resistor, used in its shunt mode of operation.

The method of dynamic force characterization using the tactile imaging technique is
the second significant contribution in the area of tactile sensing. Tactile imaging tech
niques which have been attempted earlier obtained binary tactile images using a simple
two-level thresholding technique. The main disadvantage of this technique was the in

ability of the images to identify small but definite variations in the gripper forces. By
measuring the resultant value of normal gripper forces and using a multilevel threshold
ing, the method suggested in this thesis was able to extract additional information from
finer variations of forces than those achieved by the binary imaging technique.
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The modelling and calibration technique used to defme the behaviour of the tactile
sensors is a novel method.of combining the powerful digital signal processing tools and
the decision-making capability of the expert system into a single executable computer
program. The knowledge required to model and calibrate complex systems, such as the
tactile sensors, using a set of mathematical functions, have been captured in the expert
system knowledge base so that a user can perform these tasks with relative ease. This
method of modelling and calibration, which accepts a set of numerical input-output sys
tem data, is applicable to other practical systems which are very complex to model be
cause of inherent interactions among various components of the system.

The development of a computer-aided integrated procedure to identify the task
status from dynamic force data using an embedded expert system is a major contribution
to the development of intelligent grippers. The suitability of the procedure, which has
been demonstrated using a set of control decisions obtained from the CDr expert system,
indicates the possibility of employing the task oriented procedure to achieve real time
intelligent gripping of objects. Since the procedure was validated using experimental
data obtained while performing real tasks on a set of selected laboratory samples, its ap
plicability in a practical unstructured environment appears to be promising.

The task status obtained using the task oriented procedure provides a complete set

of information about the task including the direction of object displacement relative to the
gripper. The displacement of the object with respect to the gripper fingers was used to

characterize slip. The slippage during grasping was assessed by observing the displace
ment of the object as well as any noticeable release of the object, as indicated by a

decrease in the force primitive value in the tactile image. Slippage during releasing was

characterized by an increase in the force primitive value of the tactile image during a

releasing process along with the object displacement.

8.4. Future Directions

A defmite first step in extending the work reported in this thesis is to study the
recommendations of the control decision expert system using real data from some typical
cases in which the task behaviour is abnormal. Examples of such situations may include
the tasks using the parallel jaw gripper when the gripper speed is made unequal during
grasping and releasing of objects. This will assist in identifying the maximum and min
imum gripper velocities at which the procedure will be applicable. The recommended
control actions may be translated into appropriate logic signals which may be im

plemented in hardware so as to develop a closed loop intelligent gripper system. The

performance of such a system may be evaluated using bench mark tests designed to iden
tify the task characteristics of the object twisting and rotation during grasping.
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A second possible direction of investigation could be to develop a single expert sys
tem to perform functions of the TSI and CDI expert systems. Use of an object oriented
programming language C++, may be considered to build this expert system. This might
result in considerable savings in time necessary to arrive at a suitable control decision
based on dynamic force data. This will expand the area of application of the task oriented
procedure to include special purpose precision tasks.

The plots of raw data obtained from the artificial slip tests have shown the force
gradients recorded by the sensors when the sample passed over them. In cases where the
sample velocity was small, the TSI was able to detect the changing status. If the sample
travelled faster so that force changes occurred in a time period less than 100 msec, then
the task status indication was ambiguous. Increasing the sampling rate and reducing the
block size are two suggested modifications to the proposed scheme to handle such cases.

Further analysis in this direction will be required to determine the maximum speed at

which slip is identifiable.
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Table A.l: Specifications ofRM-101 MICROBOT Robot.

Construction Jointed, metal plateDegrees of freedom 5Operational angular
coverage-

Rotation of body 2400Rotation of shoulder 1500 (750 forward, 750 back)Rotation of elbow 1200 (750 forward. 450 back)Bending of wrist 1800Rotation ofwrist
3600

Grasp of hand-t 80mm (maximum)Lifting capacity 500 g excluding the weight of handMaximum operating 7cm/sspeed

Positioninl 0.3mm
precision

Control section
Drive motors 6 stepper motorsSpeed control Trapezoidal waveform controlAxial control Simultaneous control of all 6 axesInterfaces Centronix typeProgramming Assembler, M-ROLY, BASIClanguages
Power supply 115 V AC, 50/60 Hz, 60WWeight Approximately 10 KgAccessories 2 Hand attachments

Notes: 1. These specifications are based on the use of the standard hand.
2. The specifications in parentheses are with the home position as base.
3. The gripping force of the hand without tactile sensors is approximately 800 g.
4. The rated positioning precision is when the arm is at 800 and the forearm isperpendicular to the surface on which the robot base is placed.
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A.I. Implementation of an ARIEL DSP-16 DAS for Force Data
Acquisition

The DSP-16 based DAS consists of a module equipped with a TMS 320C25
microprocessor 'capable of executing 5 million instructions per second. It is provided
with a large (256K) dynamic RAM to store and display real time data. The DAS allows
full data buffer (of 5.2 s)to be loaded with a signal at a sampling rate ranging from 1 KHz
to 50 KHz. The signal may be displayed either numerically or graphically, ,before saving
the acquired data into a disk. The Analog to Digital (AID) converter has a 10 J.1s conver
sion time and the front end is provided with signal conditioning and prefiltering to ensure

16 bit accuracy of the AID converter. For testing the suitability of this DAS for acquiring
dynamic forces, a test apparatus was built in the laboratory. The main constituents of data
acquisition are shown in the block diagram of Figure A.l. The outputs from eight tactile

Constant
current
source

Decade
counter 14---Clock

1

OutputArray
_____"

DSP -16 ....._S_y...st�em
DAS

8

Figure A.I: Block diagram of data acquisition system using DSP-16 system.

sensing sites were multiplexed using an 8 channel CMOS multiplexer (CD 8051 device)
and the resulting analog voltages were input to the DAS using a buffer stage. The mul

tiplexer channel selection was asynchronously performed using a decade counter driven
by a separate clock. The eight sensing sites were distributed equally between the two

jaws of a parallel jaw robotic gripper which was used to hold a sample object. The
dynamic forces were recorded while the object was being grasped. A profile of raw data
was obtained by measuring the digitized voltage values. Since the input to the DAS was

via a serial port, the multiplexer channels were switched cyclically which resulted in the

sequential acquisition of (from channel 0 to channel 7) data from sensors. The individual
sensor data were separated into files and the dynamic forces recorded by each of the eight
sensors were plotted. Figure A.2 shows the dynamic forces measured by sensor #1

plotted against the time of the grasping operation. This data showed some unexpected
behaviour and was thoroughly investigated. The inferences are described in the next sec
tion.
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Figure A.2: Grasping forces measured by sensor #1 using DSP-16 system.

It was found that the serial mode of data acquisition using asynchronous switching
of eight channels introduced additional noise. Figure A.3(a) shows the analog output
from the eight-channel multiplexer which switches sensors 1 to 8 sequentially. The

switching instant was controlled by an "enable clock pulse" whose waveform is shown in

Figure A.3(b). This pulse shape was selected to ensure good isolation between the chan
nels. In the ARIEL DSP-16 data acquisition system, the two channel AID converter's
16-bit serial output was connected to the serial input of the TMS320 processor. When

properly initialized, an internal interrupt, RINT, is generated whenever the TMS320's
serial port Data receive register (ORR) is full. The RINT interrupt indicates that a new

sample is available for the TMS320 program. The time available to read a sample is de

pendent on the sample rate and the time required to shift in a sample. The latter is fixed at

6.4 J.1s (32 instructions). At a sample rate of 50 KHz (20 J.1s ), an interrupt is generated
every 10 J.1s, leaving 10 - 6.4 = 3.6 J.1s to read the ORR. These are shown in Figure A.3(c).
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The data acquired using such a system would not be corrupted if synchronous sam-
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pling is employed. This would require additional hardware to be attached to the system
[114] and development of a program to read and store the acquired data after digitiza
tion. In the asynchronous method of sampling, the the sampling clock of the DSP-16
DAS started the sampling after a preset time delay. If the first point of sampling occurred
within the 14 J..LS 'ON' time of the enable clock pulse, then the acquired data was rela

tively clean. However, if the first sampling occurred anytime within the 6 J..LS 'OFF' time
of the pulse, then the signal obtained was contaminated with noise.

A.2. Design of the gripper motor controller

A stepper motor used was a pulsed electric motor whose shaft incrementally rotated
through a specified angle for each input pulse applied. Figure A.4 shows the block

diagram of the logic and drive circuitry used for controlling the gripper motor. Two

Directi�
Logic and drive circuitry

.nn.

Figure A.4: Block diagram of logic and drive circuitry for a stepper motor [from
Martin [115],Fig. K.l, page 443] •

inputs were used to control the stepper motor; a stepping (clock) pulse and a logic level
that determined the direction of rotation. The logic circuit shown in Figure A.4 con

verted each clock pulse into four output pulses with a specific phase relationship, which
was necessary for correct motor rotation. The output pulses controlled the four driver

amplifiers connected to the motor windings (1, 2, 3 and 4).

FigureA.5 shows the current pulse sequence used to rotate the two-phase four

winding stepper motor (provided in the robot RM-101). Logic 1 (ON) corresponds to the
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presence of current excitation, and logic 0 (OFF) denotes the absence of current excita
tion. A 50 % overlap was used between windings 1 and 3, as well as between windings 2
and 4. The pulse train sequence shown is for clockwise rotation of the motor; for counter
clockwise rotation, the sequence was reversed.

if
Wmding 1

---II"'�

Winding 2
--...�

1

o

1

o

Winding 3
----1..,_

Time

Figure A.5: Current pulse sequence for a two-phase, four winding stepper motor

[from Martin [115], Fig. K.2, page 444] •

Another important consideration in the design of the controller was the current

delivering capability of the driver amplifier stage. The driver amplifier used was a power
switch shown in Figure A.6.

The 18 K resistor was used as a current limiting resistor, and the diode was used to

provide a path to dissipate the energy stored in the motor winding when the power tran
sistor was switched from ON to OFF. In the absence of this diode, a large transient

voltage spike appearing across the motor winding could result in damage to the transistor.
To enhance the current delivery to the windings, aDarlington connection was used.

The complete block diagram of the motor controller designed for the prototype sys
tem is shown in Figure A.7. The logic required to generate the four overlapping square
waves was realized using two J-K flip-flops. The direction input to the logic circuit, in-

. dicated in Figure A.7 controls the logic sequence into the four driver amplifiers. The se

quencing continued as long as the input (clock) pulses were present. When the pulses
were interrupted, the shaft remained at the last commanded position. A douple-pole push
button switch was connected to facilitate change of direction of rotation. This feature
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Figure A.6: A driver amplifier for stepper motor control •

enabled the combined grasping and releasing tests to be conducted on sample objectswithout interruptions. A Darlington driver stage was designed to provide the 250 rnAload current per phase required for operating the motor at the rated speed of 7 cm/s.
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B. Results ofModel Development for the
Prototype Gripper System

B.l. Listing of the Modelling and Calibration Expert System Knowledge
Base

constants:
banner: "**********************************************".

bl1:'"' ,
"The system will be treated as a single",
"block and will be modelled using a set of',
"five mathematical functions",
lilt

b12: "",
"The data will be used to validate the five models",
"to determine normalized errors. Using these",
"errors as crterion, the best choice of the model",
"will be recommended for your system".

b13: "",
"Please show the errors in using other models".

b14: "",
"Please continue and show error in using this model".

nne: "",
"The Modelling/Calibration is completed".

%
text:

{purpose: banner,
1111

,

"Welcome to the online Modelling and Calibration ",
"knowledge base",
""

,

"This Expert System will guide you to develop",
"the best possible model for your system.",

251
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"It will determine the best model based",
"on the normalized mean square error crterion",
tI"

,

banner}

{userl: banner,
"Your system will be characterized using five",
"selected functions to determine the best choice",
"It

,

"The data format is assumed to be the following:",
lIn

,

"System input-output data Format::",
1111

,

"Paired values of input( force) ",
"versus the output (analog sensor output), one set",
"per line, each set terminated with a <cr>.",
"Data stored as an ASCII file",
banner}

{user2: banner,
"Your system will be calibrated using all the five",
"models to determine the best choice.",
""

,

"The data format is assumed to be the following:",
1111

,

"System input-output data Format::",
1111

,

"Paired values of input( force) ",
"versus the output (analog sensor output), one set",
"per line, each set terminated with a <cr>. It,
"Data stored as an ASCII- file",
banner}

%
attributes:

\system control attributes
trace_option: sgl(yes,*no)
{question: "",

"Do you wish to see a trace of the",
"expert system's execution for the duration",
"of this session"}.

what_next: sgl (yes, *no)
{question: "",

"Do you wish to remodelor recalibrate your",
"tactile sensing system with a new set of data ?",
"" }.

\input attributes
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sysaction: sgl (modelling {explain: bll},
calibration {explain:bl2 },
none {explain:nne })

{question: '''',
"What do you want to do"}

{explain:"",
bU,
""

,

bl2,
""

,

nne}.
useroption: sgl (showothers {explain: bI3},

dontbother{explain:b14})
{question: "",

"What do you want to do"}
{explain: "" ,

b13,
tift

,

bI4}.

uncert: real
[constraint: uncert ge 0 and uncert le 100]
{question: '"',

"Enter a value for the system uncertainty.",
"If unknown enter O"}.

errl: real
[constraint: errl ge 0 and err1 Ie 10000].

err2: real
[constraint: err2 ge 0 and err2le 10000].

err3: real
[constraint: err3 ge 0 and err3le 10000].

err4: real
[constraint: err4 ge 0 and err4le 10000].

errS: real
[constraint: errS ge 0 and errS le 10000].

errmin: real
[constraint: errmin ge 0 and errmin Ie 10000].

modtype: real
[constraint: modtype ge 0 and modtype le 10].

flag: truth (*false).
flagl : truth (*false).
flag2 : truth (*false).

\inferred attributes

lowerror: mlt(one, two, three, four, five, zero).

bestmodel: mlt



254

(modell [description: lowerror = one;],
mode12 [ description: lowerror = two;],
mode13 [ description: lowerror = three;],
mode14 [ description: lowerror = four;],
model5 [description: lowerror = five;],
none [ description: Iowerror = zero;]).

%
demons:

Demonl:
when

determined(uncert)
then

if uncert = 0 then
reassert uncert = 8.08.
endif.
if uncert Ie errmin then
reassert flag = true.
else
reassert flag = false.
endif.

endwhen.

Demon2:
when

err4 = 0
then

flagl = true.
lowerror = four.

endwhen.

Demon3:
when

err5 le errmin
then

flag2 = true.
lowerror = five.

endwhen.

Demon4:
when

err1 = errmin
then

lowerror = one.

endwhen.

Demon5:
when

err2 = errmin
then
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lowerror = two.
endwhen.

Demon6:
when

err3 = errmin
then

lowerror = three.
endwhen.

Demon7:
when

err4 = errmin
then

reassert lowerror = four.
endwhen.

%
actions:

display attach purpose of kb.
message "", "Type 'c' to begin".
break.
obtain trace_option.

if traceoption = yes then
trace.

else
untrace.
endif.

\ read the file modtrans I to get the errors in using models I to 5

erase errl, err2, err3, err4, errS, errmin, modtype.
read "modtransl", err l, err2, err3, err4, errS, errmin, modtype.
if determined(lowerror) = false then

lowerror = zero.

endif.
obtain uncert

\ determine whether the purpose of using the system is to
\model or calibrate
if determined(modtype) = true then

.

if.modtype = I then
sysaction =modelling.
else ifmodtype = 0 then
sysaction = calibration.
else

message"",
"Error in determining the type of action" ,
"It

endif.
endif.
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else
message

" Error in reading a value for'modtype"'.
endif.

if sysaction = modelling then
\modelling section
display attach userl of kb.
if determined(flagl) = true then

if (flagl) then
message "",

banner,
"Model 4 appears to be the best choice, however, you are cautioned",
"against using it because the splines will yield",
"incorrect results when the range of data is different",
"from the one used formodelling",
"To confirm its suitability, please use a set of calibration",
"data and run the expert system again",
ten

,

"You may look into the rrors of other models if you like",
banner,
IIti

askfor useroption.
endif.

endif.
if determined(flag2) = true then

if (flag2) then
message '"',

banner,
"Model 5 appears to be the best, but it is also the ",
"the most complex and computation-intensive",
"If the other models have yielded comparable mean square",
"errors, they should be preferred over this choice".
askfor useroption.
endif.

endif.
\ determine the best model using the error criteria
if determined(useroption) = true then

if useroption = dontbother then
obtain bestmodel.

message "",
banner.

message combine ("The best model for your system is ", bestmodel).
if determined(flag) = true then

if (flag) then
message combine ("However, mod. error is

higher than uncert = ", uncert ).
message "",

"Please consider remodelling the system",
lIft
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endif.
message "",

banner.
endif.

else
bestmodel = modell I model2 I model3 Imodel4 I model5.

endif.
endif.

if bestmodel = modell then
message "",

banner.

message "The model parameters are stored in modell.mat ".
message "The model plot is stored in modplot1.met ".
message combine ("The RMS error in percent in is ", errl).
message "",

banner.
endif.
if bestmodel = model2 then
message "",

banner.
message "The model parameters are stored in model2.mat "0
message "The model plot is stored in modplot2.met ".
message combine ("The RMS error in percent in is ", err2).
message "",

banner.
endif.
if bestmodel = mode13 then
message "",

banner.
message "The model parameters are stored in mode13.mat ".
message "The model plot is stored in modplot3.met ".
message combine ("The RMS error in percent in is ", err3).
message "",

banner.
endif.
if bestmodel = model4 then
message till,

banner.
message "The model parameters are stored in mode14.mat ".
message "The model plot is stored in modplot4.met ".
message combine ("The RMS error in percent in is ", err4).
message "",

banner.
endif.
if bestmodel = model5 then
message "",

banner.
message "The model parameters are stored in mode15.mat ".
message "The model plot is stored in modplot5.met ".
message combine ("The RMS error in percent in is ", err5).
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message 'III,
banner.

endif.
if bestmodel = none then
message "".

banner.
message "The best model could not be found. check the program ".

message ".
banner.

endif.

else if sysaction = calibration then
\Calibration section

display attach user2 of kb.
if determined (flag2) = true then

if (flag2) then
message "",

banner,
" Model 5 appears to be the best, but it is also the ",
" the most complex and computation-intensive.",
" If the other models have yielded comparable mean square",
"

errors, they should be preferred over this choice.".

endif.
endif.

\ determine the best model using the error criteria

obtain bestmodel.

message ,u',
banner.

message combine ("The best model for your system is ", bestmodel).
if determined (flag) = true then

if (flag) then
message combine ("However, calib. error is

higher than uncert. = ", uncert).
message "".

"Please consider recalibrating the system",
tltI

endif.
message "",

banner.
endif.

if bestmodel = modell then
message "",

banner.
message "The model parameters are stored in modell.mat ".
message "The calibration plot is stored in calibplotl.met ".
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message combine ("The RMS error in percent in is ", errl).
message "",

banner.
endif.

if bestmodel = mode12 then
message '''',

banner.
message "The model parameters are stored in mode12.mat ".
message "The calibration plot is stored in calibplot2.met ".
message combine ("The RMS error in percent in is ", err2).
message "",

banner.
endif.

if bestmodel = model3 then

message '''',
banner.

message "The model parameters are stored in model3.mat ".
message "The calibration plot is stored in calibplot3.met ".
message combine ("The RMS error in percent in is ", err3).
message '111,

banner.
endif.

if bestmodel = model4 then
message '".

banner.
message "The model parameters are stored in model4.mat ".
message "The calibration plot is stored in calibplot4.met ".
message combine ("The RMS error in percent in is ", err4).
message "",

banner.
endif.

if bestmodel = modelS then
message III',

banner.
message "The model parameters are stored in modelS.mat ".
message "The calibration plot is stored in calibplotS.met ".
message combine ("The RMS error in percent in is ", errS).
message "",

banner.
endif.
if bestmodel = none then
message '''',

banner.
message "The best model could not be found. check the program ".
message "",

banner.
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endif.
else

stop.

endif.
endif.

obtain what_next.
if what_next = yes then
nextcase.
else
stop.

endif.
%

B.2. A Typical User Session with the Interface Program I

Enter name of the file, no. of data points, and 1·
formodelling and 0 for calibration

Now let us fit a 3rd order polynomial to the data

Do you want to store this plot? YIN:
n=

quit

The model parameters will be stored in modell.mat
Now let us fit a 4th order polynomial to' the data

Do you want to store this plot? YIN:
n=

[]

The model parameters will be stored in mode12.mat
Now let us fit a 5th order polynomial to the data

Do you want to store this plot? YIN:
n=

[]

The model parameters will be stored in mode13.mat
Next let us fit a piecewise cubic polynomials to the data

Do you want to store this plot? YIN:
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n=

[]

The model parameters will be stored in model4.mat
Finally let us fit a 5th degree nonlinear
function (sum of 5 exponential functions) to the data

Do you want to store this plot? YIN:
n=

[]

The model parameters will be stored in model5.mat
Copy modplot* .met to other files before rerunning
The value of ns 1 is 0
The value of ne 1 is 13
The file moddata2.dat is written, action type = 1
user time 0 microsec
system time 0 microsec
user time 64290000 microsec
system time 11790000microsec

food.mat successfully translated to modtrans1
Loading the knowledge base 'modkbOO.pkb'.
**********************************************

Welcome to the online Modelling and Calibration
knowledge base

This Expert System will guide you to develop
the best possible model for your system.
Itwill determine the bestmodel based
on the normalized mean square error crterion

**********************************************

Type 'c' to begin

Do you wish to see a trace of the
expert system's execution for the duration
of this session
1. yes
2. no

=?
2

Tracing facility off...

Enter a value for the system uncertainty.
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If unknown enter 0
[constraint: uncert ge 0 and uncert Ie 100]
(Enter a number)
o
**********************************************

Your system will be characterized using five
selected functions to determine the best choice

The data format is assumed to be the following:

System input-output data Format::

Paired values of input( force)
versus the output (analog sensor output), one set

per line, each set terminated with a <cr>.
Data stored as an ASCII file
**********************************************

**********************************************

Model 4 appears to be the best choice, however, you are cautioned
against using it because the splines will yield
incorrect results when the range of data is different
from the one used formodelling
To confmn its suitability, please use a set of calibration
data and run the expert system again

You may look into the rrors of other models if you like
**********************************************

What do you want to do
1. show others
2. dont bother

=?
1
**********************************************

The model parameters are stored in model1.mat

The model plot is stored in modplot1.met

The RMS error in percent in is 3.338665
**********************************************
**********************************************

The model parameters are stored in model2.mat

The model plot is stored in modplot2.met

The RMS error in percent in is 2.933939
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**********************************************
**********************************************

The model parameters are stored in model3.mat

The model plot is stored in modplot3.met

The RMS error in percent in is 134.59259
**********************************************
**********************************************

The model parameters are stored in model4.mat

The model plot is stored in modplot4.met

The RMS error in percent in is 0
**********************************************
**********************************************

The model parameters are stored in mode15.mat

The model plot is stored in modplot5.met

The RMS error in percent in is 5.1186872
**********************************************

Do you wish to remodel or recalibrate your
tactile sensing system with a new set of data ?

1. yes
2. no

=?
2
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c. Performance Evaluation of Decision Filter Output

C.I. Effect of dead band size on filter output
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Figure C.I: Cumulated grasped levels using a 5-point dead band filter.
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Figure C.2: Cumulated grasped levels using a 1S-point dead band filter.
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Figure C.3: Cumulated grasped levels using a 20-point dead band filter •
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e.2. Effect of block size on filter output
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Figure C.4: Cumulated grasped levels using 30-point data blocks •
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Figure C.S: Cumulated grasped levels using 50-point data blocks.
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D. Performance Evaluation of Interface Program II
Using Data from Test Category 1: Independent Grasping and

Releasing Tasks

D.I. Validation results from Sample 5.and Sample 7 test data

270
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Figure D.I: Raw force data measured by the tactile sensors during independent
grasping and releasing operations performed on sample 5 .
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(a) Force decision parameters - sample � lraspinl
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Figure D.3: The force decision parameters of the task status obtained from the
TSI expert system using sample 5 grasping and releasing data •
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Figure D.4: Raw force data measured by the tactile sensors during independent
grasping and releasing operations performed on sample 7 •
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<a) Force decision parameten - sample 7 lraspinl
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Figure D.6: The force decision parameters of the task status obtained from the
TSI expert system using sample 7 grasping and releasing data •
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D.2. Performance tables using Sample 5 and Sample 7 test data
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Table 0.1: A summary of the task status parameters obtained from the TSI expert
system using sample 5 grasping data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 1 2 6.25 12.5 Noreast Noreast Yes
2 0 1 0 3 No Nadir No
3 0 2 0 25 Noreast Nadir No
4 0 1 U 3 No Nodir No
5 0 1 0 3 No Nadir No
6 0 1 U 6.25 Noreast Nadir No
7 0 1 0 3 No Nadir No
8 0 1 0 3 No Nadir No
9 y 0 0 0 0 No Nadir Yes
10 v U 0 0 U No Nadir Yes
11 2 0 38 0 South Nadir Yes
12 0 1 0 6.25 No Nadir No
13 1 1 6.25 6.25 No Nadir Yes
14 1 0 3 0 No Nadir Yes
15 1 0 6.25 0 West Nadir Yes·
16 2 1 25 22 South West Yes
17 2 U 50 0 East Nadir Yes
18 2 1 25 22 South West Yes
19 2 1 6 3 No Nadir Yes
20 2 1 25 22 South West Yes
21 2 0 38 0 East Nadir Yes
22 2 1 25 22 South West Yes
23 1 0 3 0 No Nadir Yes
24 1 0 3 U No Nadir Yes
25 y 0 0 0 0 No Nadir Yes
26 1 0 3 0 No Nadir Yes
27 y 0 U 0 0 No Nadir Yes
28 y 0 0 0 0 No Nadir Yes
29 y 0 0 0 U No Nadir Yes
30 1 1 3 3 No Nadir Yes
31 1 0 3 0 No Nadir Yes
32 y 0 0 0 0 No Nadir Yes
33 y 0 U 0 0 No Nadir Yes
34 1 0 3 0 No Nadir Yes
35 y 0 0 0 0 NO Nadir Yes
36 y 0 0 0 0 No Nadir Yes
37 1 1 3 3 No Nadir Yes
38 1 1 3 3 No Nadir Yes
j� 3 0 �J 0 NO Nadir Yes
40 y 0 0 0 0 No Nadir Yes
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Table D.2: A summary of the task status parameters obtained from the TSI expert
system using sample 5 releasing data •

Block Pnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 0 2 0 25 No Nodir Yes
2 1 1 3 3 No Nodir Yes
3 0 1 0 3 No Nodir Yes
4 0 1 0 3 No Nodir Yes
5 0 1 U 3 No Nodir Yes
6 y 0 0 0 0 No Nodir Yes
7 0 1 0 3 No Nodir Yes
8 y u 0 0 U No Nodir Yes
9 1 0 3 0 No Nodir No
10 0 1 0 3 No Nodir Yes
11 0 1 0 3 No Nodir Yes
12 0 1 0 3 No Nodir Yes
13 1 3 6.25 18.75 No Nodir Yes
14 y 0 0 0 0 No Nodir Yes
15 0 1 0 3 No Nodir Yes
16 y 0 0 0 0 No Nodir Yes
17 y 0 U 0 0 No Nodir Yes
18 y U U 0 0 No Nodir Yes
19 y 0 0 0 0 No Nodir Yes
20 1 1 3 3 No Nodir Yes
21 1 0 6.25 0 No Nodir No
22 0 1 0 6.25 No Nodir Yes
23 1 0 3 0 No NodiI' No
24 0 1 0 6.25 No Nodir Yes
25 1 1 6.25 6.25 No Nodir Yes
26 1 0 3 0 No Nodir No
27 1 0 6.25 U East Nodir No
28 1 3 6.25 18.75 North South Yes
29 1 3 9.5 37.5 West West Yes
30 1 3 6.25 18.75 North South Yes
31 1 1 u 6.25 No Nodir Yes
32 y 0 0 0 0 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 y 0 0 0 0 No Nodir Yes
35 y 0 0 0 0 No Nodir Yes
36 y U 0 0 u No NodiI' Yes
37 y 0 0 0 0 No Nodir Yes
38 y 0 0 0 0 No Nodir Yes
39 y 0 U 0 0 No NodiI' Yes
40 0 1 0 3 No Nodir Yes
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TableD.3: A summary of the task status parameters obtained from the TSI expert
system using sample 5 grasping data •

Block Unchanged Grasping Releasing Grasping Releasmg Dynanuc Static Decision
no. state level level can. level can. level displace- displace- correct ?

ment ment
1 1 0 6.25 0 Noreast Nodir Yes
2 y 0 0 U 0 No Nodir Yes
3 1 2 9.5 19 Noreast Nodir Yes
4 1 1 1 3 No Nodir Yes
5 0 1 0 6.25 Noreast Nodir No
6 1 1 9.5 6.25 South Nodir Yes
7 1 0 6.25 0 No Nodir Yes
8 0 1 0 3 No Nodir No
9 2 1 19 9.5 Souwest Nodir Yes
10 1 0 9.5 0 No Nodir Yes
11 y 0 0 0 0 No Nodir Yes
12 1 0 6.25 0 No Nodir Yes
13 0 1 U 3 No Nodir No
14 0 1 6.25 0 No Nodir Yes
15 1 U 3 0 No Nodir Yes
16 0 1 0 3 No Nodir No
17 2 u 5U 0 No Nodir Yes
18 2 2 19 19 No Nodir Yes
19 2 0 38 U NO Nodir Yes
20 0 1 0 12.5 No Nodir No
21 1 0 6.25 0 No Nodir Yes
22 0 1 0 3 No Nodir No
23 1 1 12.5 9.5 South Souwest Yes
24 1 U 6.25 0 No Nodir Yes
25 0 1 0 9.5 West Nodir No
26 U 1 0 6.25 No Nodir No
27 0 1 0 6.25 No Nodir No
28 -- -- -- -- No Nodir No
29 -- -- -- -- East Nodir No
30 -- -- -- -- No Nodir No
31 1 0 9.5 0 No Nodir Yes
32 v 0 0 0 0 North Nodir Yes
33 1 0 6.25 0 Souwest Nodir Yes
34 0 1 0 3 No Nodir No
35 0 1 U 3 No Nodir No
36 y 0 U U 0 North Nodir Yes
37 U 1 U 9.5 Norm Nodir No
3K 2 1 19 25 South Nodir Yes
39 0 1 0 9.5 No Nodir No
40 2 1 19 25 South Nodir Yes
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Table D.4: A summary of the task status parameters obtained from the TSI expert
system using sample 5 releasing data •

Block Unchanged Grasping Releasmg Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 y 0 0 0 0 No Nodir Yes
2 y U 0 0 U No Nodir Yes
3 y 0 0 0 0 No Nodir Yes
4 y 0 U U U No Nodir Yes
5 y 0 0 0 0 No Nodir Yes
6 y 0 0 0 0 No Nodir Yes
7 1 1 6.25 6.25 Norwest Nodir Yes
H 0 1 U 6.25 Norwest Nodir Yes
9 U 1 U 3 No Nodir Yes
10 1 0 3 0 No Nodir No
11 y 0 0 0 0 No Nodir Yes
12 y 0 0 0 U No Nodir Yes
13 y 0 0 0 0 No Nodir Yes
14 1 0 3 0 No Nodir No
15 u 1 0 3 No Nodir Yes
16 1 0 3 u No Nodir No
17 1 0 6.25 0 North Nodir No
18 1 0 3 0 No Nodir No
19 1 3 2 12.5 Norwest Nodir Yes
2U y 0 U 0 0 No Nodir Yes
21 y 0 01, 0 0 No Nodir Yes
22 0 1 i 0 3 No Nodir Yes
23 y 0 0 0 0 No Nodir Yes
24 y U 0 0 0 No Nodir Yes
25 0 1 0 3 No Nodir Yes
26 y U 0 0 0 No Nodir Yes
27 0 1 0 3 No Nodir Yes
28 y 0 0 0 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 0 1 0 3 No Nodir Yes
31 1 U 6.25 U No Nodir No
32 1 1 3 6.25 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 0 1 0 3 No Nodir Yes
35 1 2 3 6 No Nodir Yes
36 y 0 0 0 0 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
38 0 1 0 3 No Nodir Yes
39 y 0 0 0 0 No Nodir Yes
40 y 0 0 0 0 No Nodir Yes



E. Performance Evaluation of Interface Program II
using data from test Category 2: Combined Grasping

and Releasing Tasks

E.I. Validation results from Sample 5 and Sample 7 test data
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Figure E.1: Raw force data measured by the tactile sensors during the combined
grasping and releasing operations performed on sample 5 •
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Figure E.3: The force decision and the object displacement parameters of the task
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E.2. Performance tables using Sample 5 and Sample 7 test data
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Table E.!: A summary of the task status parameters obtained from the TSI expert
system using sample 5 test data •

Block Jnchanged Graspin� Releasing Grasping Releasing Dynamic Static Decision

no. state level level con. level con. level displace- Iisplace- correct?
ment ment

1 -- -- -- -- No Nodir Yes

2 0 2 0 25 Noreast Nodir No

3 1 1 3 3 No Nodir Yes

4 0 2 0 25 Noreast Nodir No

5 2 2 25 19 North Nodir Yes

6 0 2 0 25 Noreast Nadir No

7 3 1 2�.5 9.5 West Nodir Yes

8 0 1 u 3 No Nodir No

9 2 0 :;0 0 North Nadir Yes

10 0 1 0 3 No Nodir No

11 1 1 9.5 6.2:; West West Yes

12 2 0 25 0 No Nadir Yes

13 1 0 6.25 0 No Nodir Yes

14 1 1 25 25 South North Yes

15 1 U 3 0 No Nadir Yes

16 2 2 12.5 12.5 North South Yes

17 1 0 3 0 No Nadir Yes

18 2 2 12.:; 12.:; North South Yes

19 2 1 19 6.25 South Nodir Yes

20 0 1 0 3 No Nodir Yes

21 0 1 0 3 No Nadir Yes

22 0 1 0 3 No Nadir Yes

23 0 1 0 3 No Nodir Yes

24 0 1 0 3 No Nadir Yes

25 0 1 0 6.25 Noreast Nodir Yes

26 1 3 9.5 37.5 North Noreast Yes

27 -- -- -- -- No Nadir Yes

28 0 1 0 9.5 East Nadir Yes

l.� 0 1 0 3 No Nadir Yes

30 0 1 0 3 No Nodir Yes

31 U 2 0 50 West East Yes

32 0 2 0 25 Noreast Nadir Yes

33 0 1 0 3 No Nodir Yes

34 0 1 0 3 No Nadir Yes

35 0 2 0 50 No Nadir Yes

36 0 1 0 3 No Nadir Yes

37 1 1 6.25 6.2:; No Nadir Yes

38 1 0 3 0 No Nadir No

39 0 1 U 3 No Nodir Yes

40 2 2 6.25 12.5 South Nadir Yes
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Table E.2: A summary of the task status parameters obtained from the TSI expert
system using sample 7 test data •

Block Unchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- iisplace- correct?

ment ment

1 1 0 6.25 0 Noreast Nodir Yes
2 0 1 0 6.25 Noreast Nodir No
3 1 0 6.25 0 Noreast Nodir Yes
4 1 0 6.25 0 Noreast Nodir Yes
5 1 1 6.25 6.25 Noreast Nodir Yes
6 1 1 6.25 6.25 Noreast Nodir Yes
7 1 1 6.25 3 No South Yes
8 0 1 0 3 No Nodir No
9 0 1 0 6.25 South Nodir No
10 1 1 12.5 6.25 Souwest Souwest Yes
11 1 1 9.5 9.5 South Nodir Yes
12 2 0 31:S 0 Souwest Nodir Yes
13 1 1 6.25 6.25 South Nodir Yes
14 0 1 0 3 No North Yes
15 2 0 50 0 No Nodir Yes
16 0 1 0 3 No Nodir Yes
17 0 1 0 3 South Nodir Yes
18 0 1 0 3 No Nodir Yes
19 0 1 0 3 South Nodir Yes
20 0 1 0 3 No Nodir Yes
21 0 1 0 3 South Nodir Yes
22 0 2 0 25 North Nodir Yes
23 0 1 0 3 No Nodir Yes
24 0 2 0 25 North Nodir Yes
25 0 2 0 38 No Nodir Yes
26 0 1 0 3 No Nodir Yes
27 0 1 0 9.5 No Nodir Yes
28 0 2 0 38 Noreast Nodir Yes
29 0 2 0 25 No Nodir Yes
30 0 4 0 50 North Nodir Yes
31 0 1 0 3 No Nodir Yes
32 U 1 0 3 No Nodir Yes
33 0 1 0 3 No Nodir Yes
34 0 1 0 3 No Nodir Yes
35 0 1 0 6.25 Noreast Nodir Yes
36 0 1 0 3 No Nodir Yes
37 0 1 0 6.25 No Nodir Yes
31:S 0 1 0 3 No Nodir No
39 0 1 0 6.25 No Nodir Yes
40 0 1 0 3 No Nodir Yes



F. Performance Evaluation of Interface Program II
Using Data from Test Category 3: Repeatability Tests

F.1. Validation package obtained using sample 1 test data



293

2000 Sensor #1 ---

2000 Sensor #2 ---

1800
tlI)
.S
-g 1600
4)
a:
(/) 1400
<
Q

1200

1000 10000 1000 2000 3000 4000 0 1000 2000 3000 4000
Time (Iris) Time (ms)

2000 Sensor #3 ---

2000 Sensor #4 ---

tlI)
1800

tlI)
1800 ,.---/'__.;-.-J.S .5-g 1600 -g 16004)

a: 4)
c:r:

en 1400
� 1400-e

Q Q
12001200

1000 10000 1000 2000 3000 4000 0 1000 2000 3000 4000
Time (ms) Time(ms)

2000 Sensor #5 ---

2000 Sensor #6 ---

1800 1800tlI) tlI).5 .5
-g 1600 -g 16004) 4)a: a:
en 1400

� 1�-e
0 Q

12001200

1000 1000
0 1000 2000 3000 4000 0 1000 2000 3000 4000

Time (ms) Time (ms)

2000 Sensor #7 ---

2000 Sensor #8

tlI)
1800 1800

bO.5 .5
-g 1600 � 16004)

�a:

� 1400
� 1400

Q
1200 Q

1200

1000 1000
0 1000 2000 3000 4000 0 1000 2000 3000 4000

Time(ms) Time(ms)

Figure F.l: Raw force data measured by the tactile sensors during the independent
grasping and releasing operations performed on sample 1, trial 1 •
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(a) Force decision parameters - repeatability test I: ,raspinl •
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Figure F.2: The force decision parameters of the task status obtained from the TSI
expert system using tp1e I. trial 1 grasping and releasing data •
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Figure F.3: Raw force data nieasured by the tactile sensors during the independent
grasping and releasing operations performed on sample 1, trial 2 •
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(a) Force decision paramelen - repeatability test 2: eraspine
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Figure F.4: The force decision parameters of the task status obtained from the TSI
expert system using sample 1,trlal2 grasping and releasing data •
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Figure F.S: Raw force data measured by the tactile sensors during the independent
grasping and releasing operations performed on sample 1, trial 3 •
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Ca) Force decision paramelen - repeatability lest 3: lraspinl
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Figure F.6: The force decision parameters of the task status obtained from the TSI
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<a) Force decision parameters - repeatability tesl 4: lraspinl •
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F.2. Performance tables obtained using Sample 1 repeatability test data
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Table F.1: A summary of the task status parameters obtained from the TSI expert

system using sample 1, trial 1 grasping data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
I 1 1 6.25 6.25 Noreast Souwest Yes
2 2 2 19 19 No Soueast Yes
3 2 0 25 0 No Nadir Yes
4 1 1 6.25 9.5 No Nadir Yes
5 2 1 12.5 6.25 No Noreast Yes
6 1 0 9.5 0 No Nadir Yes
7 1 2 6.25 12.5 No Noreast Yes
8 1 0 9.5 0 No Nadir Yes
9 -- - -- - No Nadir No
10 -- -- -- -- No Nadir . No
11 2 2 19 19 Noreast Noreast Yes
12 -- -- -- -- No Nodir No
13 -- -- -- -- No Nodir No
14 -- -- -- -- No Nadir No
15 -- -- -- -- No Nadir No
16 1 0 6.25 0 No Nadir Yes
17 1 0 3 0 No Nadir Yes
18 y 0 0 0 0 No Nadir Yes
19 y 0 0 0 0 No Nadir Yes
20 y 0 0 0 0 No Nadir Yes
21 v 0 0 0 0 No Nadir Yes
22 2 0 25 0 No Nadir Yes
23 y 0 0 0 0 No Nadir Yes
24 y 0 0 0 0 No Nadir Yes
25 1 1 3 3 No Nadir Yes
26 2 0 6.25 0 No Nadir Yes
27 2 1 12.5 3 No Soueast Yes
28 v 0 0 0 0 No Nadir Yes
29 1 0 3 0 No Nadir Yes
30 1 0 3 0 No Nadir Yes
31 y 0 0 0 0 No Nodir Yes
32 y 0 0 0 0 No Nadir Yes
33 y 0 0 0 0 No Nadir Yes
34 2 0 38 0 South Nodir Yes
35 1 0 6.25 0 South Nodir Yes
36 2 0 25 0 West Nodir Yes
37 1 0 6.25 0 No Nodir Yes
38 y 0 0 0 0 No Nadir Yes
39 y 0 0 0 0 No Nadir Yes
40 1 1 3 3 No Nodir Yes
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Table F.2: A summary of the task status parameters obtained from the TSI expert
system using sample 1, trial 1 releasing data •

Block unchanged Grasping Releasing Grasping Releasing Dynamic Static Decisionno. state level level con. level con. level displace- displace- correct?
ment ment1 1 1 3 3 No Nodir Yes2 1 1 3 3 No Nodir Yes3 y 0 0 0 0 No Nodir Yes4 y 0 0 0 0 No Nodir Yes5 y 0 0 0 0 No Nodir Yes6 y U 0 0 0 No Nodir Yes7 0 1 0 3 No Nodir Yes8 y 0 0 0 0 No Nodir Yes9 y 0 0 0 0 No Nodir Yes10 y 0 0 0 0 No Nodir Yes11 v 0 0 0 0 No Nodir Yes12 y 0 0 U 0 No Nodir Yes13 y 0 0 0 U No Nodir Yes14 y 0 0 0 0 No Nodir Yes15 1 0 6.25 0 North Nodir No16 y 0 0 0 0 No Nodir Yes17 1 1 3 3 No Nodir Yes1� 1 1 6.25 6.2J No Nodir Yes19 1 1 6.25 6.25 East Nodir Yes20 y 0 0 0 0 No Nodir Yes21 0 1 0 6.25 No Nodir Yes22 0 1 0 3 No Nodir Yes23 y 0 0 0 0 No Nodir Yes24 y 0 0 0 0 No Nodir Yes25 v 0 0 0 0 No Nodir Yes26 y 0 0 0 0 No Nodir Yes27 y 0 0 0 0 No Nodir Yes28 v 0 0 0 0 No Nodir Yes'29 y 0 0 0 0 No Nodir Yes30 y 0 0 0 0 No Nodir Yes31 y 0 0 0 0 No Nodir Yes32 y 0 0 0 0 No Nodir Yes33 y 0 0 0 0 No Nodir Yes34 v 0 0 0 0 No Nodir Yes35 y 0 0 0 0 No Nodir Yes36 y 0 0 0 0 No Nodir Yes37 y 0 0 0 0 No Nodir Yes38 y U 0 0 0 No Nodir Yes39 y 0 0 0 0 No Nodir Yes40 y 0 0 0 0 No Nodir Yes
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Table F.3: A summary of the task status parameters obtained :from the TSI expert
system using sample I, trial 2 grasping data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 1 0 9.5 0 Noreast Nodir Yes
2 -- -- -- - No Nodir No
:; -- -- -- -- No Nodir No
4 1 0 12.5 0 South Nodir Yes
5 -- -- -- -- No Nodir No
6 1 0 12.5 0 South Nodir Yes
7 2 0 38 U Noreast Nodir Yes
8 -- -- -- -- No Nodir No
9 2 0 38 U Noreast Nodir Yes
10 2 2 19 19 Noreast Nodir Yes
11 2 0 38 0 Noreast Nodir Yes
12 2 2 19 19 Noreast Nodir Yes
13 1 1 9.5 9.5 Noreast Nodir Yes
14 2 2 19 19 Noreast Nodir Yes
15 3 1 37.5 9.5 South South Yes
16 -- -- -- - No Nodir No
17 -- -- -- -- No Nodir No
18 -- -- -- -- No Nodir No
19 1 0 6.25 0 Noreast Nodir Yes
20 1 0 3 0 No Nodir Yes
21 1 0 3 0 No Nodir Yes
22 1 0 3 0 No Nodir Yes
23 1 0 3 0 No Nodir Yes
24 1 0 6.25 0 No Nodir Yes
25 1 0 3 0 No Nodir Yes
26 1 0 3 0 No Nodir Yes
27 1 0 3 0 No Nodir Yes
28 1 0 6.25 0 No Nodir Yes
29 0 1 U 3 No Nodir No
30 1 1 6.25 3 No Nodir Yes
31 1 1 3 3 No Nodir Yes
32 1 0 6.25 0 No Nodir Yes
33 1 0 3 0 No Nodir Yes
34 1 0 6.25 0 No Nodir Yes
35 0 1 0 6.25 No Nodir No
36 1 0 6.25 0 Norwest Nodir Yes
37 1 0 3 U No Nodir Yes
38 1 0 6.25 0 No Nodir Yes
39 1 0 3 0 No Nodir Yes
40 1 1 3 3 No Nodir Yes

=,,'�"',,"



305

Table F.4: A summary of the task status parameters obtained from the TSI expert
system using sample 1, trial 2 releasing data •

Block Unchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 1 2 6.25 25 East West Yes
2 0 1 0 6.25 Noreast Nodir Yes
3 0 1 0 3 No Nadir Yes
4 0 1 0 6.25 Noreast Nadir Yes
5 0 I 0 3 No Nodir Yes
6 0 1 0 6.25 Noreast Nadir Yes
7 0 1 0 3 No Nadir Yes
8 0 1 0 6.25 No Nadir Yes
� 0 1 0 3 No Nodir Yes
10 0 1 0 3 No Nadir Yes
11 1 0 3 0 No Nadir No
12 0 1 0 3 No Nodir Yes
13 I 0 3 0 No Nadir No
14 0 1 0 3 No Nadir Yes
15 1 1 3 3 No Nadir Yes
16 0 1 0 3 No Nadir Yes
17 1 1 3 3 No Nadir Yes
18 0 1 0 3 No Nodir Yes
1� 1 1 3 3 No Nadir Yes
20 0 2 0 38 No Nadir Yes
21 1 1 i 3 3 No Nadir Yes
22 1 0 , 3 0 No Nodir No
23 0 1 0 3 No Nadir Yes
24 0 1 0 3 No Nadir Yes
25 0 1 0 3 No Nodir Yes
26 0 1 0 3 No Nodir Yes
27 0 1 0 3 No Nodir Yes
28 0 1 0 3 No Nadir Yes
29 0 1 0 3 No Nadir Yes
30 0 1 0 3 No Nodir Yes
31 0 1 0 3 No Nodir Yes
32 0 1 0 3 No Nodir Yes
33 0 1 0 3 No Nadir Yes
34 0 1 0 3 No Nodir Yes
35 1 0 3 0 No Nadir No
36 0 1 0 3 No Nadir Yes
37 1 0 3 0 No Nadir No
38 0 1 0 3 No Nadir Yes
39 1 0 3 0 No Nadir No
40 0 1 . 0 3 No Nadir Yes
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Table F.S: A summary of the task status parameters obtained from the TSI expert
system using sample 1, trial 3 grasping data •

Block Unchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment

1 0 1 U 9.5 Noreast Nodir No
2 0 1 0 3 No Nodir No
3 2 1 19 9.5 Noreast Souwest Yes
4 0 1 U 3 No Nodir No
5 1 1 9.5 9.5 Noreast Nodir Yes
6 1 1 9.5 9.5 Noreast Nodir Yes
7 2 1 19 9.5 Noreast Souwest Yes
8 1 1 6.25 6.25 Noreast Nodir Yes
9 1 1 9.5 9.5 Noreast Souwest Yes
10 0 1 0 9.5 Noreast Nodir No
11 0 2 0 3� Noreast Nodir No
12 -- -- -- -- No Nodir No
13 2 2 19 19 Noreast Nodir Yes
14 -- -- -- -- No Nodir No
15 1 3 12.5 37.5 Noreast Noreast Yes
16 -- -- -- -- No Nodir No
17 1 3 12.5 37.5 No Noreast Yes
18 1 1 12.5 12.5 North Nodir Yes
19 3 1 37.5 12.5 West South Yes
20 -- -- -- -- No Nodir No
21 1 1 6.25 6.25 Noreast Nodir Yes
22 -- -- -- -- No Nodir No
23 -- -- -- -- No Nodir No
24 3 1 37.5 9.5 South East Yes
25 1 U 6.25 0 No Nodir Yes
26 3 1 37.5 9.5 South East Yes
27 1 0 3 0 No Nodir Yes
28 1 0 3 0 No Nodir Yes
29 1 0 3 U No Nodir Yes
30 1 0 3 0 No Nodir Yes
31 0 1 0 6.25 No Nodir No
32 1 U 3 0 No Nodir Yes
33 U 1 0 3 No Nodir No
34 1 1 3 3 No Nodir Yes
35 1 1 3 3 No Nodir Yes
36 1 0 3 0 No Nodir Yes
37 1 1 3 3 No Nodir Yes
38 1 0 3 0 No Nodir Yes

39 1 0 3 0 No Nodir Yes
40 1 0 3 0 No Nodir Yes
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Table F.6: A summary of the task status parameters obtained from the TSI expert
system using sample 1, trial 3 releasing data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynanuc Static Decision
no. state level level con. level con. level displace- displace- correct?

ment ment
1 0 1 0 3 No Nodir Yes2 1 0 3 0 No Nodir No3 1 0 3 0 No Nodir No4 1 0 3 0 No Nodir No5 0 1 0 3 No Nodir Yes6 1 0 3 0 No Nodir No
7 0 1 0 3 No Nodir Yes8 1 0 3 0 No Nodir No9 0 1 0 3 No Nodir Yes
10 1 0 3 0 No Nodir No11 0 1 0 3 No Nodir Yes12 1 0 3 0 No Nodir No13 1 1 6.25 6.25 No Nodir Yes14 1 0 3 0 No Nodir No15 1 0 3 0 No Nodir No
16 1 0 3 0 No Nodir No
17 1 1 3 3 No Nodir Yes
18 2 2 6.25 6.25 No Nodir Yes19 0 1 0 0 No Nodir Yes20 1 0 3 0 No Nodir No21 1 1 6.25 6.25 No South Yes22 1 0 3 0 No Nodir No23 1 1 6.25 6.25 No South Yes24 1 1 3 6.25 No South Yes25 1 1 6.25 6.25 No South Yes26 1 1 3 6.25 No South Yes27 1 0 3 0 No Nodir No28 1 1 3 6.25 No South Yes29 1 0 3 0 No Nodir No30 1 0 3 0 No Nodir No31 1 0 3 0 No Nodir No32 1 0 3 0 No Nodir No33 1 0 :3 0 No Nodir No
34 1 0 3 0 No Nodir No35 1 0 6.25 0 No Nodir No36 1 0 3 0 No Nodir No37 1 0 6.25 0 No Nodir No38 1 0 3 0 No Nodir No39 1 0 6.25 0 No Nodir No40 1 0 6.25 0 No Nodir No

I
I
I

--_j
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Table F.7: A summary of the task status parameters obtained from the TSI expert
system using sample 1, trial 4 grasping data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct ?

ment men!
1 1 3 9.5 28.5 Noreast Noreast Yes
2 2 2 19 19 Noreast Noreast Yes
3 1 2 9.5 19 Noreast Noreast Yes
4 1 1 9.5 9.5 Noreast Nodir Yes
5 1 1 9.5 9.5 Noreast Nodir Yes
6 -- -- -- -- No Nodir No
7 2 2 19 19 Noreast Nodir Yes
8 -- -- -- -- No Nodir No
9 -- -- -- -- No Nodir No
10 0 2 0 38 Noreast Nodir No
11 -- -- -- -- No Nodir No
12 0 2 0 38 Noreast Nodir No
13 -- -- -- -- No Nodir No
14 U 1 0 9.5 Noreast Nodir No
15 1 3 9.5 28.5 Noreast Nodir Yes
16 1 3 9.5 28.5 Noreast Nodir Yes
17 2 1 19 9.5 Noreast Nodir Yes
18 -- -- -- -- No Nodir No
19 -- -- -- -- No Nodir No
20 -- -- -- -- No Nodir No
21 -- -- -- -- No Nodir No
22 -- -- -- - No Nodir No
23 -- -- -- -- No Nodir No
24 -- -- -- -- No Nodir No
25 2 1 19 6.25 North Nodir Yes
26 -- -- -- -- No Nodir No
27 2 0 38 0 East Nodir Yes
28 -- -- -- -- No Nodir No
29 2 0 l' 0 East Nodir Yes
30 1 0 3 0 No Nodir Yes
31 1 0 3 0 No Nodir Yes
32 1 0 3 0 No Nodir Yes
33 1 0 3 0 No Nodir Yes
34 2 0 25 0 East Nodir Yes
35 1 0 3 0 No Nodir Yes
36 2 0 25 0 East Nadir Yes
37 2 0 38 0 North Nodir Yes
38 1 0 6.25 0 Noreast Nodir Yes
39 2 0 25 U ..East Nodir Yes
40 2 0 38 0 Noreast Nodir Yes
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Table F.8: A summary of the task status parameters obtained from the TSI expert
system using sample 1, tria14 releasing data, ,

Block Jnchanged Grasping Releasing Graspmg Releasing Dynamic Static Decisionno. state level level con. level con. level displace- displace- correct?
ment ment1 2 0 25 0 East Nodir No2 2 0 38 0 Noreast Nodir No3 2 0 25 0 East Nodir No4 0 1 0 6.25 No Nodir Yes5 2 1 12.5 9.5 South Nodir Yes6 --

-- --
-- No Nodir No7 2· 1 12.5 9.5 South Nodir Yes8 --

-- --
-- No Nodir No9 2 1 12.5 9.5 South Nodir Yes10 --

-- --
-- No Nodir No11 2 1 12.5 9.5 South Nodir Yes12 --

--
-- -- No Nadir No13 2 1 12.5 9.5 South Nadir Yes14 0 1 0 3 No Nodir Yes15 1 3 3 18.75 North South Yes16 0 1 0 3 No Nodir Yes17 0 1 0 3 No Nodir Yes18 0 1 0 3 No Nadir Yes19 0 1 0 3 No Nadir Yes20 0 1 0 3 No Nodir Yes21 0 1 0 3 No Nadir Yes22 0 1 0 3 No Nadir Yes23 0 1 0 3 No Nodir Yes24 0 1 0 3 No Nodir Yes25 0 1 0 3 No Nadir Yes26 0 1 0 3 No Nadir Yes27 1 0 3 0 No Nadir No28 0 1 0 .6.25 No Nodir Yes29 2 1 6 3 No Nodir Yes30 0 1 0 3 No Nodir Yes31 0 1 0 3 No Nodir Yes32 2 2 6 6 No Nodir Yes33 2 1 6 3 No Nodir Yes34 2 2 6 6 No Nodir Yes35 1 0 3 0 No Nodir No36 1 0 3 0 No Nodir No37 0 1 0 3 No Nodir Yes38 1 0 3 0 No Nodir No39 0 1 0 3 No Nodir Yes40 1 0 3 0 No Nodir No



G. Performance Evaluation of Interface Program II
Using Data from Test Category 4: Simulated Slip Tests

G.I. Validation package obtained using data from artificial slip tests 2, 3
and 4
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Figure G.I: Raw force data measured by the tactile sensors during the artificial
slip test 2.
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Ca> Force decision parameters - artificial sUp test 2.
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Figure G.2: The force decision and object displacement parameters of the task
status obtained from the TSI expert system using artificial slip test 2
data.
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(a> Force decision parameters - artificial sUp test 3 ,
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status obtained from the TSI expert system using artificial slip test 3
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(a) Force decision parameters - arlificial sUp test 4 •
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Figure G.6: The force decision and object displacement parameters of the task
status obtained from the TSI expert system using. artificial slip test 4
data.
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G.2. Performance tables obtainedusing artificial slip test data
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Table G.t: A summary of the task status parameters obtained from the TSI expert
system using artificial slip test 2 data •

Block Jnchanged Grasping Releasing Grasping Releasing Dynamic Static Decision
no. state level level con. level con.level displace- displace- correct?

ment ment
1 1 2 3 6 No Nodir Yes
2 0 2 0 12 No Nodir Yes
3 y 0 0 0 0 No Nodir Yes
4 y 0 0 0 0 No Nodir Yes
5 y 0 0 0 0 No Nodir Yes
6 y 0 0 0 0 No Nodir Yes
7 y 0 0 0 0 No Nodir Yes
8 y 0 0 0 0 No Nodir Yes
9 y 0 0 0 0 No Nodir Yes
10 y 0 0 0 0 No Nodir· Yes
11 y 0 0 0 0 No Nodir Yes
12 Y 0 0 0 0 No Nodir Yes
13 y 0 0 0 0 No Nodir Yes
14 y 0 U 0 0 No Nodir Yes
15 y 0 0 0 0 No Nodir Yes
16 y 0 0 0 0 No Nodir Yes
17 y 0 0 0 0 No Nodir Yes
18 y 0 0 0 0 No Nodir Yes
19 y 0 0 0 0 No Nodir Yes
20 y 0 0 0 0 No Nodir Yes
21 y 0 0 0 0 No Nodir Yes
22 y 0 0 0 0 No Nodir Yes
23 y 0 0 0 0 No Nodir Yes
24 y 0 0 0 0 No Nodir Yes
25 y 0 0 0 0 No Nodir Yes
26 y 0 0 0 0 No Nodir Yes
27 y 0 0 0 0 No Nodir Yes
28 y 0 0 0 0 No Nodir Yes
29 y 0 0 0 0 No Nodir Yes
30 y 0 0 0 0 No Nodir Yes
31 y 0 0 0 0 No Nodir Yes
32 y 0 0 0 0 No Nodir Yes
33 y 0 0 0 0 No Nodir Yes
34 y 0 0 0 0 No Nodir Yes
35 y 0 0 0 0 No Nodir Yes
36 y 0 0 0 0 No Nodir Yes
37 y 0 0 0 0 No Nodir Yes
3� 1 1 6.25 6.25 East Nodir Yes
39 y 0 0 0 0 No Nodir Yes
40 y 0 0 0 0 No Nodir Yes
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Table G.2: A summary of the task status parameters obtained from the TSI expert
system using artificial slip test 3 data •

Block Unchanged Grasping Releasing IGrasping Releasing Dynamic Static Decision
no. state level level con. level con. level displace- displace- correct ?

ment ment
1 2 1 6 3 No Nodir Yes
2 2 0 25 0 No Nodir Yes
3 1 0 3 0 No Nodir Yes
4 2 0 25 0 No Nodir Yes
5 1 1 3 3 No Nodir Yes
6 2 0 25 0 No Nodir Yes
7 4 0 48 0 No Nodir Yes
8 2 0 25 0 No Nodir Yes
9 4 0 48 0 No Nodir Yes
10 2 0 25 0 No Nodir Yes
11 4 0 48 0 No Nodir Yes
12 2 0 25 0 No Nodir Yes
13 4 0 48 0 No Nodir Yes
14 2 0 25 0 No Nodir Yes
15 4 0 48 0 No Nodir Yes
16 2 0 25 0 No Nodir Yes
17 4 0 48 0 No Nodir Yes
18 2 0 25 0 No Nodir Yes
19 4 0 48 0 No Nodir Yes
20 2 0 25 0 No Nodir Yes
21 4 0 48 0 No Nodir Yes
22 2 0 25 0 No Nodir Yes
23 4 0 48 0 No Nodir Yes
24 2 0 25 0 No Nodir Yes
25 4 0 48 0 No Nodir Yes
26 2 0 25 0 No Nodir Yes
27 4 0 48 0 No Nodir Yes.
28 2 0 25 0 No Nodir Yes
29 4 0 48 0 No Nodir Yes
30 2 0 25 0 No Nodir Yes
31 4 0 48 0 No Nodir Yes
32 2 0 25 0 No Nodir Yes
33 4 0 48 0 No Nodir Yes
34 2 0 25 0 No Nodir Yes
35 4 0 48 0 No Nodir Yes
36 2 0 25 0 No Nodir Yes
37 4 0 48 0 No Nodir Yes
38 2 0 25 0 No Nodir Yes
39 4 0 48 0 No Nodir Yes
40 2 0 25 0 No Nodir Yes



320

Table G.3: A summary of the task status parameters obtained from the TSI expert
system using artificial slip test 4 data.

Block Jnchanged Grasping Releasing Grasping Releasing Dynannc Static Decision
no. state level level con. level con. level displace- displace- correct ?

ment ment
1 1 1 3 3 No Nodir Yes
2 2 0 25 0 No Nodir Yes
3 1 1 3 3 No Nodir Yes
4 2 0 25 0 No Nodir Yes
5 1 1 3 3 No Nodir Yes
6 2 0 25 0 No Nodir Yes
7 1 1 3 3 No Nodir Yes
8 2 0 25 0 No Nodir Yes
9 1 1 3 3 No Nodir Yes
10 2 0 25 0 No Nodir Yes
11 1 1 3 3 No Nodir Yes
12 1 0 3 0 No Nodir Yes
13 1 1 3 3 No Nodir Yes
14 1 1 3 3 No East Yes
15 1 1 3 3 No Nodir Yes
16 2 0 12 0 No Nodir Yes
17 0 4 0 48 No Nodir Yes
18 0 2 0 12 No Nodir Yes
19 0 4 0 48 No Nodir Yes
20 0 2 0 12 No Nodir Yes
21 0 4 0 48 No Nodir Yes
22 0 2 0 12 No Nodir Yes
23 0 4 0 48 No Nodir Yes
24 0 2 0 12 No Nodir Yes
25 0 4 0 48 No Nodir Yes
26 0 2 0 12 No Nadir Yes
27 0 4 0 48 NO Nadir Yes
28 0 2 0 12 No Nadir Yes
29 0 4 0 48 No Nodir Yes
30 0 2 0 12 No Nodir Yes
31 0 4 0 48 No Nodir Yes
32 0 2 0 12 No Nadir Yes
33 0 4 0 48 No Nodir Yes
34 0 2 0 12 No Nadir Yes
35 0 4 0 48 No Nodir Yes
36 0 2 0 12 No Nadir Yes
37 0 4 0 48 No Nodir Yes
38 0 2 0 12 No Nodir Yes
39 -- -- -- -- No Nadir No
40 0 2 0 12 No Nadir Yes



H. Performance Evaluation of the Control
Decision Indicator Expert System

H.1. Control decisions obtained from sample 1 test data
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Table H.I: Summary of the results displayed by the CD! expert system - Test Cat
egory 1: sample 1 grasping •

Block Time Force decision Confidence Mov.decision confidence Remarks
no. period,ms % %
1,2 o to 200 maintain same 100 do not move 100 --

3,4 201 to 400 maintain same 100 do not move 100 --

5,6 401 to 600 maintain same 100 do not move 100 --

7,8 601 to 800 maintain same 100 do not move 100 --

9,10 801 to 1000 maintain same 100 do not move 100 --

11,12 1001 to 1200 maintain same 75 do not move 100 --

13,14 1201 to 1400 maintain same 100 do not move 100 --

15,16 1401 to 1600 do not increase 43 do not move 100 --

17,18 1601 to 1800 maintain same 100 do not move 100 --

19,20 1801 to 2000 do not increase 83 move North 50 small slip in
South

direction
21,22 2001 to 2200 do not increase 36 do not move 100 --

23,24 2201 to 2400 do not increase 80 do not move 100 --

25,26 2401 to 2600 increase 54 move North 100 large slip in
South
direction

27,28 2601 to 2800 do not increase 58 do not move 100 --

29,30 2801 to 3000 do not increas€ 80 move 50 small slip in
Northwest Southeast dir.

31,32 3001 to 3200 do not increase 48 move North 50 small slip in
South dir.

33,34 3201 to 3400 do not increas€ 96 move North 50 small slip in
South dir.

35,36 3401 to 3600 do not increas€ 78 do not move 100 --

37,38 3601 to 3800 maintain same 100 do notmove 100 --

39,40 3801 to 4000 maintain same 75 do not move 100 --
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Table H.2: Summary of the results displayed by the CDI expert system - Test Cat
egory 1: sample 1 releasing •

Block Tune Force decisionConfidence Mov.decision Confidence Remarks
no. period,ms % %
1,2 1 to 200 maintain same 100 do not move 100 --

3,4 201 to 400 do not increase: 45 do not move 100 --

5,6 401 to 600 maintain same 100 do not move 100 --

7,8 601 to 800 maintain same 100 do not move 100 --

9,10 801 to 1000 do not increase: 38 move West 50 small slip in
East direction

11,12 1001 to 1200 maintain same 75 moveNonh 50 small slip in
South
direction

13,14 1201 to 1400 maintain same 100 do not move 100 --

15,16 1401 to 1600 maintain same 100 do not move 100 --

17,18 1601 to 1800 maintain same 100 do notmove 100 --

19,20 1801 to 2000 maintain same 100 do not move 100 --

21,22 2001 to 2200 maintain
.

same 100 do not move 100 --

23,24 2201 to 2400 maintain same 100 do notmove 100 --

25,26 2401 to 2600 maintain same 100 do not move 100 --

27,28 2601 to 2800 maintain same 100 do not move 100 --

29,30 2801 to 3000 maintain same 100 do not move 100 --

31,32 3001 to 3200 maintain same 100 do not move 100 --

33,34 3201 to 3400 do not increase: 77 do not move 100 --

35,36 3401 to 3600 maintain same 100 do not move 100 --

37,38 3601 to 3800 maintain same 100 do not move 100 --

39,40 3801 to 4000 maintain same 100 do not move 100 --
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Table H.3: Summary of the results displayed by the CDI expert system - Test Cat

egory 2: sample 1 combined grasping and releasing •

Block Tune Force decision Confidence Mov.decision Confidence Remarks
no. period.ms % %
1,2 1 to 200 maintain same 100 do not move 100 --

3,4 201 to 400 maintain same 100 do not move 100 --

5,6 401 to 600 increase force 65 move North 100 large slip in
South direction

7,8 601 to 800 do not increase: 100 move North 100 large slip in
South direction

9,10 801 to 1000 maintain same 100 do not move 100 --

11,12 1001 to 1200 maintain same 100 do not move 100 --

13,14 1201 to 1400 do not increase: 74 do not move 100 --

15,16 1401 to 1600 maintain same 100 do not move 100 --

17,18 1601 to 1800 maintain same 100 move South 75 slip in North
direction

19,20 1801 to 2000 maintain same 100 do not move 100 --

21,22 2001 to 2200 maintain same 100 do notmove 100 --

23,24 2201 to 2400 maintain same 100 do not move 100 --

25,26 2401 to 2600 increase force 65 do not move 100 --

27,28 2601 to 2800 do not increase: 36
.

move South 75 slip in North
direction

29,30 2801 to 3000 do not increase: 36 move 50 small slip in
Southwest NE direction

31,32 3001 to 3200 increase force 65 move 75 slip inNE
Southwest direction

33,34 3201 to 3400 increase force 72 move 50 small slip in
Southwest NE direction

35,36 3401 to 3600 increase force 72 do not move 100 --

37,38 3601 to 3800 increase force 55 move 50 small slip in
Southwest NE direction

39,40 3801 to 4000 increase force 72 move 75 slip in NE
Southwest direction



325

H.2. Control decisions obtained from sample 5 test data
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Table H.4: Summary of the results displayed by the CDl expert system - Test Cat
egory 1: sample 5 grasping •

Block Time Force decisionConfidence Mov.decision Confidence Remarks
no. period,ms % %
1,2 Ot02OO increase force 76 move 75 slip in North

Southwest east direction
3,4 201 to 400 do not increase 43 move 75 slip in North

Southwest east direction
5,6 401 to 600 do not increase 36 move South 50 small slip in

North direction
7,8 601 to 800 do not increase 36 do not move 100 --

9,10 801 to 1000 maintain same 100 do not move 100 --

11,12 1001 to 1200 do not increase 48 move North 75 slip in South
direction

13,14 1201 to 1400 do not increase 85 do not move 100 --

15,16 1401 to 1600 do not increase 91 move East 100 large slip in
West direction

17,18 1601 to 1800 do not increase 100 move East 100 large slip in
West direction

19,20 1801 to 2000 do not increase 100 move East 100 large slip in
West direction

21,22 2001 to 2200 do not increase 100 move East 100 large slip in
West direction

23,24 2201 to 2400 maintain same 75 do not move 100 --

25,26 2401 to 2600 maintain same 75 do not move 100 --

27,28 2601 to 2800 maintain same 100 do not move 100 --

29,30 2801 to 3000 do not increase 80 do not move 100 --

31,32 3001 to 3200 maintain same 100 do not move 100 --

33,34 3201 to 3400 maintain same 75 do not move 100 --

35,36 3401 to 3600 maintain same 100 do notmove 100 --

37,38 3601 to 3800 do not increase 81 do not move 100 --

39,40 3801 to 4000 maintain same 100 move South 75 slip in North
direction



327

Table H.S: Summary of the results displayed by the CDl expert system - Test Cat
egory 1: sample 5 releasing.

Blk.n< Time Force decisior Confidence Mov.decision Confidence Remarks
period,ms ,% ,%

1,2 1 to 200 mcrease force 84 do not move 100 --

3,4 201 to 400 maintain same 75 do not move 100 --

5,6 401 to 600 maintain same 100 do notmove 100 --

7,8 601 to 800 maintain same 100 do not move 100 --

9,10 801 to 1000 increase force 28 do not move 100 --

11,12 1001 to 1200 maintain same 100 do not move 100 --

13,14 1201 to 1400 maintain same 100 do not move 100 --

15,16 1401 to 1600 maintain same 100 do notmove 100 --

17,18 1601 to 1800 maintain same 100 do not move 100 --

19,20 1801 to 2000 increase force 84 do notmove 100 --

21,22 2001 to 2200 increase force 28 do notmove 100 --

23,24 2201 to 2400 increase force 28 do notmove 100 --

25,26 2401 to 2600 do not 49 do not move 100 --

increase
27,28 2601 to 2800 do not 68 move North 100 large slip in

increase South direction
29,30 2801 to 3000 maintain same: 100 move North & 100 large slip in

Southeast SouthandNW
directions

31,32 3001 to 3200 maintain same 100 do not move 100 --

33,34 3201 to 3400 maintain same 100 do notmove 100 --

35,36 3401 to 3600 maintain same 100 do not move 100 --

37,38 3601 to 3800 maintain same 100 do not move 100 --

39,40 3801 to 4000 maintain same 100 do notmove 100 --
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Table H.6: Summary of the results displayed by the CD! expert system - Test Cat

egory 2: sample 5 combined grasping and releasing

Block Tune Force decision Confidence Mov.decision confidence Remarks
no. period.ms % %
1,2 1 to 200 increase force 58 move 50 small slip in

Southwest NE direction
3,4 201 to 400 increase force 85 move 50 small slip in

Southwest NE direction
5,6 401 to 600 increase force 85 move 50 small slip in

Southwest NE direction
7,8 601 to 800 increase force 85 move East 75 slip inWest

direction
9,10 801 to 1000 increase force 75 move South 75 slip in North

direction
11,12 1001 to 1200 do not increase 90 move East 75 slip in West

direction
13,14 1201 to 1400 do not increase 90 move South 100 large slip in

North directior
15,16 1401 to 1600 do not increase 90 move North 100 large slip in

South directior
17,18 1601 to 1800 do not increase 90 move North 100 large slip in

South directior
19,20 1801 to 2000 increase force 85 move North 75 slip in South

direction
21,22 2001 to 2200 do not increase 36 do not move 100 --

23,24 2201 to 2400 do not increase 36 do not move 100 --

25,26 2401 to 2600 increase force 84 move 100 large slip in
Southwest NE direction

27,28 2601 to 2800 increase force 64 moveWest 50 small slip in
East direction

29,30 2801 to 3000 do not increase '36 do not move 100 --

31,32 3001 to 3200 do not increase 43 move South 100 large slip in
North directior

33,34 3201 to 3400 do not increase 36 do not move 100 --

35,36 3401 to 3600 do not increase 43 do notmove 100 --

37,38 3601 to 3800 do not increase 90 do not move 100 --

39,40 3801 to 4000 increase force 79 move North 50 slip in South
direction
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H.3. Control decisions obtained from sample 7 test data



330

Table H.7: Summary of the results displayed by the CDI expert system - Test Cat
egory 1: sample 7 grasping •

Block TlIDe Force decisionConfidence Mov.decision COnfidence Remarks
no. period,ms % %
1,2 1 to 200 maintain same 100 move 75 slip in North-

Southwest east direction
3,4 201 to 400 do not increase 100 move 75 slip in North-

Southwest east direction
5,6 401 to 600 increase force 77 move 75 slip in South-

Northwest east direction
7,8 601 to 800 do not increase 48 do not move 100 --

9,10 801 to 1000 do not increase 85 move 75 slip in South-
Northeast west direction

11,12 1001 to 1200 maintain same 75 do not move 100 -

13,14 1201 to 1400 do not increase 36 do not move 100 --

15,16 1401 to 1600 do not increase 28 do not move 100 --

17,18 1601 to 1800 do not increase 100 move North 50 small slip in
South directn.

19,20 1801 to 2000 do not increase 48 move North 75 slip in South
direction

21,22 2001 to 2200 do not increase 48 do not move 100 --

23,24 2201 to 2400 do not increase 85 move North 75 slip in South
direction

25,26 2401 to 2600 do not increase 48 move East 75 slip inWest
direction

27,28 2601 to 2800 do not increase 59 do not move 100 --

29,30 2801 to 3000 do not increase 59 do notmove 100 --

31,32 3001 to 3200 maintain same 100 move South 50 small slip in
North directn.

33,34 3201 to 3400 do not increase: 43 move 75 slip in South-
Northeast west directn.

35,36 3401 to 3600 maintain same 100 move South 50 small slip in
North direction

37,38 3601 to 3800 increase force 64 move South 62 small slip in
North direction

39,40 3801 to 4000 increase force 64 move North 50 small slip in
South directior
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Table H.8: Summary of the results displayed by the CD! expert system - Test Cat
egory 1: sample 7 releasing •

Block Tune Force decision Confidence Mov.decision confidence Remarks
no. period.ms % %
1,2 1 to 200 maintain same 100 do not move 100 --

3,4 20lt0400 maintain same 100 do not move 100 --

5,6 401 to 600 maintain same 100 do not move 100 --

7,8 601 to 800 increase force 85 move 50 small slip in
Southeast NE direction

9,10 801 to 1000 increase force 28 do not move 100 --

11,12 1001 to 1200 maintain same 100 do not move 100 --

13,14 1201 to 1400 increase force 28 do not move 100 --

15,16 1401 to 1600 increase force 28 do not move 100 --

17,18 1601 to 1800 increase force 28 move South 75 slip in North
direction

19,20 1801 to 2000 maintain same 100 move 75 slip in NE
Southwest direction

21,22 2001 to 2200 maintain same 75 do not move 100 --

23,24 2201 to 2400 maintain same 100 do not move 100 --

25,26 2401 to 2600 maintain same 100 do not move 100 --

27,28 2601 to 2800 maintain same 100 do not move 100 --

29,30 2801 to 3000 maintain same 100 do not move 100 --

31,32 3001 to 3200 increase force 80 do not move 100 --

33,34 3201 to 3400 maintain same 75 do not move 100 --

3S,36 3401 to 3600 maintain same 100 do not move 100 --

37,38 3601 to 3800 maintain same 100 do not move 100 --

39,40 3801 to 4uuu maintain same 100 do not move 100 --



332

Table H.9: Summary of the results displayed by the CDI expert system - Test Cat
egory 2: sample 7 combined grasping and releasing •

Block Time Force decisionConfidence Mov.decision Confidence Remarks
no. period,ms % %
1,2 1 to 200 increase force 16 move 50 small slip in

Southwest NE direction
3,4 201 to 400 do not increase 8 move 50 small slip in

Southwest NE direction
5,6 401 to 600 do not increase 84 move 50 small slip in

Southwest NE direction
7,8 601 to 800 increase force 83 move North 50 small slip in

South direction
9,10 801 to 1000 increase force 62 move 100 large slip in

Northeast SW direction
11,12 1001 to 1200 do not increase 90 move 50 small slip in

Northeast SW direction
13,14 1201 to 1400 increase force 83 move North 75 slip in South

direction
15,16 1401 to 1600 do not increase 48 do not move 100 --

17,18 1601 to 1800 do not increase 36 move North 75 slip in South
direction

19,20 1801 to 2000 do not increase 36 move North 75 slip in South
direction

21,22 2001 to 2200 do not increase 36 move North 75 slip in South
direction-

23,24 2201 to 2400 do not increase 36 move South 50 small slip in
North directior

25,26 2401 to 2600 do not increase 43 do not move 100 --

27,28 2601 to 2800 do not increase 36 move 50 small slip in
Southwest NE direction

29,30 2801 to 3000 do not increase 43 move South 50 small slip in
North direction

31,32 3001 to 3200 do not increase 36 do not move 100 --

33,34 3201 to 3400 do not increase 36
..

do not move 100 --

35,36 3401 to 3600 do not increase 43 move 75 slip inNE
Southwest direction

37,38 3601 to 3800 do not increase 43 do not move 100 --

39,40 3801 to 4000 do not increase 43 do notmove 100 --



I. A Typical User Session with the Task Status Indicator
Expert

********************************************************************
KES - Copyright (C) 1988, Software Architecture & Engineering, Inc.

Knowledge Engineering System (KES), Release 2.5.
Copyright (C) 1988, Software Architecture & Engineering, Inc.
Loading the knowledge base 'vkb24.pkb'.

*********************************************************************

Welcome to the Online Status Indicator Expert designed by Vaidy.

This expert will determine the status of the task from the dynamic forces

acquired by a tactile sensing system.

It will display a confidence factor for the decisons.

If you make a mistake while answering, type's' to terminate the session.

If you want to restart, type 'n' in the direct question mode.
*********************************************************************

*********************************************************************
The object was dynamically displaced South

*********************************************************************
Grasped to level 1

Released to level 1

Confidence in grasping 6.25

No. of releases 1

Confidence in releasing 3

Grasping by sensor 2 at 77 msec
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Releasing by sensor 7 at 48 msec

*********************************************************************
Old data written in 'fIletrans3'
*********************************************************************

Welcome to the Online Status Indicator Expert designed by Vaidy.

This expert will determine the status of the task from the dynamic forces

acquired by a tactile sensing system.

It will display a confidence factor for the decisons.

*********************************************************************
The object was dynamically displaced South

*********************************************************************

Grasped to level 2

Released to level I

Confidence in grasping 12.5

No. ofReleases 1

Confidence in Releasing 3

Grasping by sensor 2 at 3 msec

Grasping by sensor 7 at 56 msec

Releasing by sensor 7 at 20 msec
*********************************************************************
New data successfully written in fIletrans4
*********************************************************************
Do you wish to continue the task?

1. yes
2. no

=? 2
*********************************************************************

Type's' to stop
Ready for command: s
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