
To the Graduate Council:

I am submitting herewith a thesis written by Mir Shariful Azam entitled
"Robust and Efficient Surface Interpolation Algorithms for Sonar Based Ob
stacle Negotiation of a Mobile Robot." I have examined the final copy of
this thesis for form and content and recommend that it be accepted in par
tial fulfillment of the requirements for the degree of Master of Science, with
a major in Electrical Engineering.

Mnkav) ^
Dr. Mohan Trivedi, Major Professor

We have read this thesis

and recommend its acceptance:

Accepted for the Council:

Associate Vice Chancellor

and Dean of The Graduate School



Robust and Efficient Surface Interpolation Algorithms for

Sonar Based Obstacle Negotiation of a Mobile Robot

A Thesis

Presented for the

Master of Science

Degree

The University of Tennessee, Knoxville

Mir S. Azam

December, 1994



To the ones who truly love me.

11



Acknowledgments

My parents have been the key individuals helping me with my efforts to find

directions in life. True and sincerest thanks goes to them. I am deeply indebted to

Mom for her continuous support and faith she has shown towards me at all times. I

would also like to thank Dr. Trivedi for his friendship and guidance over the past two

years. I appreciate his letting me live with my own judgments. I wish to thank Dr.

Igor Alexeff and Dr. Marshall Pace for their suggestions, support and time. Special

thanks goes to Dr. Joyce Blair for caring, for believing in me. Thanks to Dr. ChuXin

Chen for his continued concern for me even after he left our lab a year ago. I sincerely

thank Mr. Nils Lassiter for helping me with every project that I worked on at the

CVRR lab. I truly appreciate all the events I shared with the members of the CVRR

lab—the discussions we had on technical and philosophical issues, the valuable help

I received from from some of the members to complete this thesis, and the jokes we

pulled on one another.

Ill



Abstract

Surface interpolation using discrete and insufficient range data is the major em

phasis of this thesis. The underlying idea for the interpolation is to have a mobile

robot mcike decisions while navigating in obstacle ridden environments. The inter

polation techniques chosen and developed are kept computationally simple. Two

dimensional polynomials serve as the basis of this surface interpolation technique;

developing a new surface interpolation algorithm involves using those polynomials on

the sampled surface plane. Three different polynomials—the Lagrange polynomial,

the Piecewise Linear polynomial, and the Cubic Spline polynomial—are used to in

terpolate surfaces. Ultrasonic range sensors are used to obtain the range data, and

careful sensor placement is necessary to interpolate surfaces. The technique developed

is thoroughly tested with both synthetic and real data. Experiments are performed

on available hardware such as a mobile robot and also on developed hardware such

as the sensory template built for this thesis. In order to be able to do the experi

ments, integration between the sensory subsystem and the robotic subsystem plays

an important role. Graphical user interfaces eire built in order to have both teleoper-

ation and automatic navigation modes for the mobile robot, for the three dimensional

approximation technique utilities, and for plotting surfaces in three dimensions. Fi

nally, comparisons among the interpolation techniques are carried out baaed on the

obtained results from the analyses.

Using the surface interpolation technique developed here for this thesis, the La-

grange polynomial and the Piecewise Linear polynomial perform close to each other.
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each one's results staying within 2% of those of the other one. The Cubic Spline

polynomial based approach, however, deviates considerably from Lagrange and Lin

ear algorithms based approaches by giving 5 or 6 times worse mean errors in some

cases. Nevertheless, the three dimensional shapes of the original surfaces are pre

served by all the polynomials. The unique contributions of this thesis are the less

computation demand for surface interpolation, an extensive set of experiments over at

least five different synthetic surfaces and at least two different real surfaces, friendly

graphical user interfaces, and the implementation of a polynomial based reactive ob

stacle negotiation algorithm on a mobile robot in completely unknown but obstacle

cluttered environments.
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CHAPTER 1

Introduction, Problem Statement, and Motivation

The principal idea behind this thesis is to explore the methods of three dimensional

surface interpolation. The surface interpolation techniques were studied by using

distance information from the sensors to the various regions of the surface of interest.

The ultimate purpose of this sensory system is to develop and integrate a mobile

robot with autonomous navigation and obstacle negotiation capabilities. In order to

achieve increased autonomous mobility of a mobile robot in cill three dimensions, an

approach is being tahen by using distance measurements from a local plane on the

robot to approximate three dimensional surfaces fast—within 100 milliseconds, when

the next set of data is collected from the sensory module.

The need for data interpolation in general, especially surface interpolation, is for

various reasons and in a variety of applications as well. The concept of interpolation

is set up on insufficient data, with less than a dozen data points on a square foot of

surface plane. Some of the more sophisticated surface interpolation algorithms need

to start with at least about 150 data points [1]. When data in certain regions are

incomplete or considered insufficient, interpolation provides those estimates to allow

further processing. The output of the data processing obviously depends on how

well the missing data were interpolated. And the performance of the processing thus

becomes closely related to the interpolation techniques.



There is another aspect of interpolation that applies to practical situations. Prac

tical applications often become time critical. That is, interpolation and processing

often need to be done fast enough so that the required task is done in the real world.

Some interpolation and processing technique might be very sophisticated, but could

still be useless for application simply because the results were achieved too late to

apply. Therefore, interpolation and processing sometimes need to be simple, even at

the cost of accuracy, only to get useful results and reasonable performance.

Surface interpolation algorithms from range data can also be utilized for scene

characterization [2], environment mapping [3], and environment recognition [4]. Any

time knowledge about an unknown environment or an unknown object is seeked,

sensor integration with a surface fitting algorithm of the kind described in this thesis

is helpful. Also, the problems associated with ultrasonic data being noisy due to the

transmission wave cone can be treated with neural networks [4] for better surface in

terpolation. Therefore, the scope of a surface interpolation algorithm based on range

data is open for applyning in different areas.

Consider the robotic system R2M2(Robotic Research Mobile Manipulator) avail

able in the laboratory. R2M2 is a tracked mobile manipulator capable of moving on

uneven surfaces by adjusting its tracks while moving forward in a teleoperated mode

[5]. If the system is to be automated in order for it to move on rough terrains without

human intervention, the sensory information obtained by the R2M2(the sensory in

formation in this case being the range data) needs to be interpolated in a fashion that

decisions can be made about the adjustments of the tracks. Figure 1.1 illustrates

a typical unknown environment that R2M2 might run into. If navigation has to be



Figure 1.1: R2M2 robotic system in a typical obstacle ridden environment. The range

information drawn with arrows in the diagram need to be interpolated before making

decisions for the robot.

carried out in such an environment as described in Figure 1.1, the sensory range data

must be interpolated by the system to understand the environment which allows the

system to make decisions regarding its motion.

1.1 Interpolation and Reaction in Real Environments

Human beings are probably the best information interpolators without empha

sizing on quantitative accuracy. Also, human beings are accustomed to respond re-

actively. Both of these hypotheses are going to be supported by examples in this

section. And since people are the most intelligent forms known, it can be said that

studies in the areas of interpolation and reactive-behavior are worth pursuing.



Sensory
Subsystem

Robotic
Subsystem

Figure 1.2; The underlying effect of interpolation and reaction in the sensory subsys

tem and the robotic subsystem of an intelligent machine.

Robotic systems can also be looked at from the perspective of interpolation and

reaction. The sensory information available to the robot can be interpolated in order

to establish the grounds for the decisions that the robot needs to mahe. Subsequently,

the decisions taken by the robot based on localized sensory information can be in

terpreted as the reactive nature of the machine to the environment [6]. Figure 1.2

delineates this perspective to look at an intelligent robot. The following discussion

describes the human nature similar to this interpolative and reactive nature in human

beings.

Firstly, the interpolative nature of humans can be brought into attention. Consider



driving a car for example. When a person drives a car, he or she does not calculate

beforehand exactly what acceleration to pursue when starting from rest, or exactly

how far away is the car ahead of his or her, or precisely what radius of curvature to

follow while taking a turn. People do not do those kinds of quajititative measurements.

Rather, people's perceptions follow rules such as whether to accelerate fast or slow,

whether to stay close to or far away from the car in front, or to take a sharp or wide

turn. The quantitative measurements are only interpolated by the human brain, and

those are transformed into motor skills. It is true that the speedometer provides exact

speed information, but nobody looks at the speedometer at all times to maintain the

desired speed. It is all a matter of interpolation in between real data—real data in

this case being the speedometer reading. In the cases of maintaining a distance from

the car in front or taking a turn, the information available is even more erroneous,

provided only by instincts and experience. All the other information that are the

inputs to the human brain controlling the act of driving are interpolated information.

Now comes the issue of the reactive nature of people. Take the same example as

stated in describing data interpolation in everyday life—driving a vehicle, an everyday

activity for almost everybody. A skilled and experienced driver has not been trained

for all the situations that he or she faces on the road. The slowing down with the

traffic, the changing lanes, driving on a road never driven before—all of these situa

tions axe taken care of reactively. Not a whole lot of emphasize on the accuracy of the

quantitative data, or path planning, but these sorts of actions have plenty to do with

adapting with the surrounding situations. When the car in front brakes, automatic

reaction without pre-planning taJjes over the driver to hit the brakes; the empty lane



on the left or the right combined with a desire to change perhaps the velocity of travel

ing initiates lane changes without pre-arrangement; mahing the turns on an unknown

road as the curves on the road approach—again, without significant or conscious path

planning. It is reacting to the situation! No one tells us exactly what is coming in

the future, but still we advance through the future by reacting to it. This does not

suggest that the future should not have any plans whatsoever, this perception merely

delineates that thorough and exhaustive planning is often redundant—in some cases,

fruitless.

1.2 Robot Navigation in Unknown Environments

Robot navigation in an unknown environment requires sensor integration with the

motor controls of the mobile robot [7]. Sensory information needs to be interpreted

in three dimensions in order for the robot to make any decision about its direction

of motion at every sensory data input. The common task of a mobile robot can be

defined as going from point A to point B. Therefore, in the middle of the robot's

navigation path, localized decisions need to be made to complete the navigation

successfully.

By referring to localized decisions, it is generally meant that the robot runs in

front of different obstacles, and it has to make decisions to how these obstacles can

be avoided or negotiated to continue the desired motion. In other words, the robot has

to "react" to the obstacles and update its path along the way. This reactive motion of

the robot, without any doubt, needs the surface information on and around its path.
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If the robot needs to avoid an obstacle, it needs to know how the outside surface

contour facing the robot looks like at every time. Especially, if the robot decides to

"negotiate " or climb over an obstacle, the path contour must be known. The robot

must be aware of this path-surface because, in most cases, the robot would require to

adjust its body structure to the path it is moving on. In other words, the robot must

try to have maximum traction between its body and the path of motion. Thus surface

approximation is crucial to mobile robot navigation in unstructured environments.

The need for determining surface structure is divided into three basic requirements

in this thesis. They are,

• Deciding to avoid or negotiate obstacles,

• Making turns while negotiating obstacles, and

• Approaching perpendicular to negotiable obstacles for successful negotiation.

1.2.1 Decision to Avoid or Negotiate Obstacles

In an ideal environment with obstacles lined up with the mobile robot, one needs

only two dimensional information in order to achieve successful obstacle negotiation.

But, as it is a common knowledge, obstacles in an unstructured environment would

not be lined up with the robot in a lot of cases. Thus, while approaching in such

a manner that the robot sees both the obstacle and the free space to the side, the

robot can decide, based on its geometric freedom, whether to climb over the obstacle

or to advance around it. Figure 1.3(a) shows the possible local paths for a robot

confronting an obstacle. And in order to make this decision, the robot needs to be

7
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Figure 1.3: Different issues in robot navigation in unknown environment. In figure

(a) a decision needs to be made to move on a uniform surface. Figure (b) portrays

the need for taking a turn on a ramp. And figure (c) shows the importance of robot

positioning with respect to the obstacle.



aware of the surface geometry of the obstacle. If the obstacle is negotiable, the robot

can approach for climbing.

1.2.2 Make Turns while Negotiating Obstacles

Another need for 3-D surface information emerges when a mobile robot is in the

act of negotiating an obstacle. The obstacle surface might have permissible and

non-permissible regions for the motion of the robot. The obstacle could also be of

"twisted" type where the need to make a turn can occur for the robot. In Figure

1.3(b), such a need is shown in terms of a ramp structure that is spiral as well as

gradually increasing in height. This sort of a situation can be very common when

confronting uneven terrains such as ditches and ramps. Usually, in moving through

such an uneven surface, the gradual change of slope in the path occurs not along

a straight line but along some curvature generally defining the direction of motion.

In order to follow the horizontally curved and gradually changing uneven surfaces, a

robot would definitely need surface contour approximation to continue navigation.

1.2.3 Approach Perpendicular to the Obstacle

Approaching perpendicular to the obstacle in consideration is an extremely impor

tant issue if the robot is to successfully climb the object. If the robot's approach is

not "straight ahead", or perpendicular, when the robot starts climbing, the robot

risks a good chance of tipping over and cause expensive damage to itself and the

surrounding environment. In other words, the likelihood of an "accident" happen

ing rises immensely. Therefore, safe navigation over obstacles depend highly on the



approach to the obstacle by the mobile robot. In Figure 1.3(c), such a situation is

characterized. There is a log on the ground that has appeared as an obstacle to be

negotiated. If the robot approaches the log at a sharp angle, there is a possibility

that the force acting at the center of gravity of the robot cannot be neutralized by the

reactions because there may not be enough contact towards the front of the robot.

And when that happens, the robot could tip over on its side and thus fail to perform

its job.

1.3 Obstacle Negotiation with R2M2

A Reactive Obstacle negotiation algorithm is successfully implemented on the

Robotics Research Mobile Manipulator(R2M2) available in the laboratory. R2M2

is a tracked mobile robot capable of moving on uneven surfaces. The robot is ini

tially designed to be a teleoperated system, but further and current research is geared

towards automating some of the tasks performed by a teleoperator with many diffi

culties. Figure 1.4 is a picture of the mobile robot R2M2.

For example, the teleoperator is usually sitting at a different location than the

robot itself. That means the robot is probably not in the line of sight of the teleoper

ator. Now, the only sensory feedback that the operator gets is the video picture taken

from the robot by a camera on R2M2. Therefore, the operator is trying to venture

through a three dimensional world by looking at a two dimensional video pictures.

Often, the operator misinterpretes the available information while trying to guess the

depth information that he or she wants the robot to react to. This is a difficult task
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unless range data is obtained and processed for decision making. Inconveniences for

the operator include navigating on a path that has sudden changes on its surface—

namely obstacles in the way, stairs, ditches, etc. If the operator approaches such

a difficult navigation path, he or she would be enormously aided by the option of

automatic obstacle negotiation. By the press of a button, the robot can make the

decisions of adjusting its body to the uneven terrain while moving. After the path

clears out, the operator can regain control of the robot and continue through his or

her desired mission.

The motion of R2M2 is based on the three moving tracks on its structure. The

track structure is divided into three relative positions. There is a front track and a reax

track which scroll forwaxds and backwards as well as move upwards and downwards.

The tracks on the main body of the robot can, however, only scroll forwards and

backwards. Therefore, there are additional attributes associated with the front and

the rear tracks compared to those of the main body track.

If the robot needs to climb over a higher object, the front tracks are raised first.

This allows the front mobile tracks grab on the higher obstacle. When the robot

climbs on the obstacle, the front and rear tracks could be adjusted through the up

and down motions to set the body in the appropriate position for navigation on that

terrain.

An obstacle negotiation algorithm based on a cubic polynomial was simulated [8]

in a graphical environment [5]. That algorithm used 15 simulated range points with

three simulated inclinometers on the tracks of R2M2. Global path coordinates were

calculated using both the simulated ultrasonic sensor and the simulated inclinometer

12
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Figure 1.5: The robot R2M2.

readings. A cubic curve was fit through the path, and the tracks were matched at

their joints with inclinometer feedback. An outline of that algorithm [8] is illustrated

in Figure 1.5.

1.4 Summary

Insufficient data can be interpreted through interpolation techniques. Robot nav

igation is one issue where data interpolation can be utilized to solve some of the

problems encountered by a mobile robot. Automatic navigation of a robot in un

known environments requires integrating sensors with the robotic system to collect



information about the environment, transforming the collected information to knowl

edge about the environment, making decisions based on the knowledge, and finally,

using sensory data feedback to upgrade the decisions. Interpolated data can be ap

plied in order to make reactive decisions for a mobile robot, using only localized

information about the environment and feedback of sensory data.

The problems involving surface interpolation and automatic navigation of mobile

robots are attempted to solve in this thesis through developing surface interpolation

algorithms and by using polynomials to guide a mobile robot. Graphical user inter

faces for a mobile robot and for the surface interpolation techniques are also built.

Therefore, the accomplishments of this thesis can be narrated by the following items:

• Development of surface interpolation algorithms using polynomials, with rigor

ous statistical analysis,

• Evaluation and implementation of polynomial based reactive obstacle negotia

tion of a mobile robot, and

• Development of graphical user interfaces for teleoperation of the mobile robot

R2M2 and for surface analysis and viewing in three dimensions.

It is also emphasized that the surface interpolation techniques developed can be uti

lized for a variety of range data analyses such as environment mapping, recognition,

and surface characterization. The versatility of the algorithms developed is, therefore,

imoprtant and valuable.

14



CHAPTER 2

The Ranging System

As emphasized thus far in this thesis, the surface generation technique is based on

range data. The distances are measured from the plane containing the sensor axray

to the various points on the surface being studied [9]. Ultrasonic range finders were

used [10] [11] [12] in order to obtain the range information for the experimental results

of surface interpolation reported in this thesis. Polaroid ultrasonic ranging buttons

were integrated with a TRC multiplexing board which consisted of a Motorolla 6811

microprocessor and the ultrasonic transmit-receive circuitry.

2.1 The Ultrasonic Range Sensors

The range finders work based on the Time Of Flight(TOF) information of the

ultrasonic sound waves. That is, a range button transmits a pulse of ultrasonic sound

and then waits for the sound to come back. The sound wave bounces off of the

object in its path, if there is an object in the path, and comes back to the sensor.

What the sensor realizes is the time difference, or the Time Of Flight, between the

instance it transmitted the sound, and the instance it received the sound. The velocity

of the sound is a constant, and therefore, the time difference between the transmit

instance and the receive instance is proportional to the distance of the object the

15



sound reflected off from.

A gold plated thin plastic foil is the part of each transducer which converts electri

cal energy to sound energy. An AC voltage of a certain known frequency is applied in

order to force the foil vibrate at that particular frequency and transmit sound at that

frequency. Coherent phase conditions are used to trim the beam of the transmit and

receive sound waves. Also, the phase pattern is well defined so that the responding

sound wave's frequency-domain shape (or the "lobe" pattern) is known.

One important aspect in ultrasonic ranging is the signal strength in the echo. The

echo depends on the shape of the object and its surface geometry. Different portions

of the object reflect sound in different strengths. That means, the sound absorption

quality of the object is important in determining the distance with accuracy. In

addition, the signal strength depends on the frequency of the sound. The reflected

sound from a particular object at a certain frequency might be weak, but the same

object can reflect a strong signal if sound were transmitted at a different frequency.

The setup for the ranging system used had a transmission frequency of 50 KHz.

2.2 Principle Behind Ultrasonic Sound Based Ranging: The

"Chirping" Concept

The ultrasonic sound range sensors operate on a popularly known concept called

the "Chirping" concept to measure distances from the sensor to an object. Animals

such as bats utilize this concept with great efficiency. An ultrasonic sound pulse, or

a "chirp ", is transmitted from a sensor, then the sensor waits for the sound to come

16



back. The time in between is, as mentioned earlier, called the Time Of Flight(TOF).

Let this time of flight be denoted as At. Now, the velocity of the sound is a known

quantity, and let this be denoted as v. According to Figure 2.1, the distance traveled

by the sound before the echo is heard is roughly (but not exactly) twice the distance of

the object from the sensor. If this distance is labeled as d, then we have the following

relationship according to Newton's equation of motion:

2d ^ v.At

d ^ ̂  (2.1)

And Equation 2.1 is the one that translates the TOF information into range data.

But, as also viewed in Figure 2.1, the actual distance traveled by the ultrasonic

sound is not exactly equal to the ideal twice the distance between the object and the

sensor. Rather, in almost all the cases, the distance traveled would be a little different

from the actual desired distance since the travel of the sound wave depends on the

incident and the reflective angles on the object, the object shape, and any other sort

of interference between the sensor and the object. In Figure 2.1, the distance that

the sound travels is actually larger than the desired distance.

In addition to the error added by the incident and reflective angles, there are ad

ditional problems caused by the multiple reflection of the wave from the same object.

The ultrasonic sound from the sensor is transmitted along a cone with an expanding

angle of about 30 degrees. Therefore, there could be multiple waves reflecting off the

same object. And as a result, the echo heard by the sensor is the first wave reflected

off of the object, and not necessarily the sound wave that would determine the correct
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Figure 2.1: The "chirping " concept. The sound wave travels from point A of the

sensor, reflects off of the object in the way, and finally returns to point B of the

sensor. Note that the distance traveled by the sound wave is not exactly equal to twice

the distance of the object from the sensor.



distance. Also, in Figure 2.1, the wave that could measure the actual distance is

shown to be reflected away and never received by the sensor.

There are some instances when the obtained data can be signiflcantly erroneous.

For instances, ultrasonic sound based ranging perform poorly when the sensors are

looking at simple corners of a room. The incident waves may reflect off one wall, then

bounce off the other wall, and finally come back to the sensor. This way, the distance

measured would be significantly greater than the actual distance of the object, in this

case the two walls meeting to create the corner, from the sensor. Figure 2.2 illustrates

this fact. The sound bounces from wall A first, then gets trapped in the reflection

from wall B, and then finally, comes back to the sensor. The sensory module, however,

is ignorant about the multiple reflection, assumes only one reflection, and measures

the distance according to Equation 2.1. This is true for concave corners.

The convex corner of a wall can also confuse the ultrasonic range sensors. This

incident is portrayed in Figure 2.3. The sound transmitted could easily be reflected

by a convex corner at such an angle away from the sensor that the sensor might

never hear the echo. Therefore, the distance measured in such a case is interpreted

by the electronic circuit as some distance beyond the maximum or time-out distance

permitted by the circuit. In the aictuality, however, the distance was only a corner,

perfectly in the range of the sensor.

Nevertheless, despite all the difficulties imposed by practical situations, the ul

trasonic sound based ranging has proven to be a reliable source of range information

within distances between six inches and 35 feet. The data, unquestionably, is noisy,

but not noisy enough such that range analysis cannot be performed from this data.
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2.3 Description of the Sonar Ranging Module

The Texas Instrument ranging module used was the SN28827 chip [13]. With

out any additional interface, this module is capable of driving a 50-KHz, 300-Volt

transducer. With an additional simple interface, this module can measure distances

ranging from 6 inches to 35 feet. This module is equipped for multiple echo detection

through external blanking inputs. The noise reduction and the side lobe detection

in the signals are furnished through the digitally controlled gain and the variable

bandwidth amplifier. This chip is designed to perform between temperatures of O^C

to 40°C with the sonar transmit output of 16 cycles at 49.4 KHz.

In Figure 2.4, the component layout of the SN28827 module for the sonar

transmit-receive circuitry is shown [13]. The power(VCC) is applied first. Then

a 5 milliseconds waiting period must elapse in order for all the internal circuits to

reset. After reset, the initiate(INIT) signal is brought high, and 16 pulses at 49.4 KHz

with an amplitude of 300 V excite the transducer to cause transmission of ultrasonic

sound waves. The dc bias voltage is kept at 150 Volts even at the end of transmission

for optimum operation according to the manufacturer. After the transducer is fired,

the receive(REC) signal is kept inhibited for a certain period of time by an internal

blanking signal. This is done so that the continuing vibration or the ringing of the

transducer after transmission is not detected as a received signal. The time of in

hibition can be ended by taking the BINH signal high, and this inhibition time is

varied depending on the minimum distances that the transducer would be required

to measure.
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Figure 2.4: Component layout of the SN28827 module for the transducers.

The utrasonic sound wave travels one foot and back in about 0.9 milliseconds.

The returning signal is referred to as the echo output signal. The echo signal, upon

receiving, is amplified in order to make it appear as a bigb-logic-level echo output.

The time difference between the INIT going high and the ecbo(in the diagram, ECHO)

going bigb is proportional to the distance of the object in the path of the sound wave

transmitted by the transducer.

Another important aspect is the receiver amplifier gain. This issue is important

because of the variation in the signal strength in the sound waves. Transmitted sig

nals get weali as they travel further and further. As a result, the received signal is

also wealc when an object is detected at a greater distance. The receiver ampUfier

is, therefore, clocked to have higher gain as more and more time elapses before the
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received signal is detected. The higher gain compensates for the attenuation in the

signal. For this particular module, the maximum gain is achieved at about 38 mil

liseconds. However, even with this approach, especially for objects 35 feet or further

away (which corresponds to 38 ms), sufficient gain might not be achieved. In that

case, additional gain could be obtained by varying R1 in Figure 2.4. But there is a

limitation to this variation in order for reliable operation of the module to be achieved.

2.4 Integrated System

The previously discussed ranging module was integrated with the transducers and

the host computing system for experimentation reasons. Basically, there are four

modules that mahe up the system for interpolating surfaces. They are as follows:

• The host computer

• The remote host

• The ranging module(SN28827 and Motorolla 6811)

• The transducers

The host computer is the place where the surface generating software exists. The host

computer has all the necessary data available through the other three modules and

generates the continuous surface function. In this project, the host computer was a

Silicon Graphics workstation available in the laboratory. The remote host, however,

is the key element between the computation at the host end and the data collec

tion at the transducer end. This remote host responds through Remote Procedure

24



Calls(RPC) from the host, and communicates with the ranging module through a

wireless serial connection. The ranging module is controlled by this remote host, and

it reports data to the main host upon RPC request. This method of operation keeps

the sensors alive and activated at all times while the host gets the input data from

the remote host whenever needed. The VxWorks processor "penguin was used as

the remote host because this processor is available in the laboratory and is extremely

prompt for RPC. The standard serial communication between the remote host and

the ranging module is done at 9600 baud with 8 bit data packets having no parity and

one stop bit. Two wireless modems were used to furnish this wireless communication.

The ranging module, however, only controls the transducers by firing them in a dis

ciplined fashion. The transmit-receive operations are done through the TRC board

while the Motorolla 6811 multiplexes among all the sensors in determining which

sensors are to be fired, read, and reported. And finally, the transducers themselves

transmit ultrasonic sound upon proper excitation and receive the reflected signals, if

any.

For clarification, a step-by-step outline of how the ranging system is operated is

described here. Figure 2.5 is an outline of how the different elements of the integrated

sensory system are connected. The dotted connection is the wireless connection, and

the solid connections are the wired connection. The RPC client VxWorks runs the

program that controls the sensory module in parallel with the surface interpolation

program. Therefore, step 1 for the integrated system is to spawn the RPC client

software and to nm the host program. Then, in step 2, the host asks for new data

set. The remote procedure call is made at this stage, and the VxWorks fires off the
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Figure 2.5: Integrated hardware system for surface generation.

sensors through the wireless connection. The received data is fed back to the RFC

client. That data, as step 3, is available to the host by return of the remote procedure

which was just called.

2.5 Summary

Ultrasonic sound based range sensors are selected to be mounted on the robotic

subsystem R2M2. The Polaroid sonar ranging buttons are integrated through a TRC

transmit-receive circuit using a SN28827 chip and a Motorolla 6811 microprocessor

along with the other necessary circuit elements. The sensory subsystem is connected

to the host computers on the robotic subsystem end with a wireless serial link. There-



fore, R2M2 is upgraded with an integrated sensory subsystem and also with sophis

ticated computing capabilities.
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CHAPTER 3

Issues in Sensor Positioning

Since this study of three dimensional surfaces is based on carefully utilizing the

two dimensional interpolation techniques over a surface of interest, organized sensor

placement is important for calculating accurate coordinate positions of various points

on the surface [14]. It is desirable that depth information remains along straight

lines on the plane in the two dimensions containing the sensors. Each run of the two

dimensional approximation algorithm thus provides an interpolation of the surface

along a line on the surface. Multiple runs of the two dimensional techniques in differ

ent directions set up a basis for interpolating the entire surface scanned by the range

sensors. Therefore, the sensor placements should be such that straight lines could ge

ometrically be obtained in different directions on the sensor-plane. This prerequisite

of sensor organization would be referred to as Straight-line Sensor Placement(SSP).

The more different directions for two dimensional interpolation are created, the better

approximation of the entire surface is possible. Thus multi directionality of the SSP

is desired in this interpolation method.

Several different approaches to the sensor positioning were pursued. There are

certain criteria that need to be satisfied for any particular type of sensor placement

worth considering. The straight line sensor placement (SSP) and the repeatability of

the placement geometry axe essential to verify, and, therefore, it is very difficult to be
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innovative in this respect. There are two different basic repeatable geometric struc

tures considered because both of those structures have straight edges and are capable

of sub-dividing into their original but smaller shapes. These geometric structures

were squares(or rectangles) and hexagons.

The first among them is a square plane containing the sensors, named Square

Array Organization(SAO). Thus sensor readings could be interpolated as pixels of an

image and any image processing techniques could be applied in interpreting the miss

ing information. Among other approaches, the Hexagonal Organization of Sensory

Template(HOST) is helpful as multiple straight lines are achieved around a certain

sensor on the plane and the structure is fairly repeatable.

3.1 Square Array Organization (SAO)

In the Square Array Organization of sensors, as shown in Figure 3.1, the sensors

are placed in rows and columns. The number of rows and columns are kept the same,

thus providing a square geometric shape. The basic structure of the SAO is shown

in Figure 3.1 (a).

There are a few characteristics of this Square Array Organization. As seen in

Figure 3.1, the rows and columns definitely create the straight lines that are required

to fit the 2-D polynomials in order to perform this 3-D surface interpolation technique.

These rows and columns provide lines at 0°,90'', and 180° of angles. The diagonals,

which also lie along straight lines, provide the directions of 45 and 135 degrees. Thus

multi directionality of the Straight-line Sensor Placement(SSP) is achieved.
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Figure 3.1: The Square Array Organization(SAO) of the sensors, (a) The basic

organization in a 3 by 3 array, (b) the masking after upsampling the data, and (c)

the repeatability of the SAO.
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Another attribute of this SAO structure is its reproductness. Once the first set of

algorithms are run to interpolate points in between the actual readings of the sensors,

the basic square structure with equal numbers of rows and columns is created once

again, only with more rows and columns the the new version (Figure 3.1 (b) and

(c) ). In addition, mini structures of the same arrangements are created within the

global primary structure. This is shown in Figure 3.1 (b). Thus SAO behaves as a

reproductive structure within the scope of this 3-D surface interpolation technique.

An inherent advantage of the Square Array Organization is the error reduction due

to the repeated use of the same sensor reading. Even in the primary SAO structure,

some of the same sensory readings are used to interpolate along rows and columns,

as seen in Figure 3.1 (a). And in the later stages of the reproduction level, the mini

SAO structures axe contained within the globed structure, causing more than one use

of the same data point. Also, the mini structures themselves overlap on one another,

causing more reruns of the scanned points. Thus error reduction statistically takes

place by averaging multiple interpolated values at the same coordinate on the surface

under consideration.

3.2 Hexagonal Organization of Sensory Template(HOST)

The Hexagonal Organization of Sensory Template(HOST) is another type of sen

sor placement that can be considered. The HOST meets the two crucial requirements

of this project—the placement of sensors along straight lines and the repeatability of

the basic structure.
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The HOST has the structure of a simple hexagon, exactly like a benzene ring

structure that Organic Chemists are familiar with. Figure 3.2(a) shows this basic

hexagonal structure. It could be noted that sensors can be placed at every corners, or

junction of two lines, and they could be placed anywhere in between along a straight

line. Also, as shown in Figure 3.2(b), the structure is fairly repeatable. The reason

the term "fairly " is used is because this structure is not entirely repeatable like the

SAO structure described earlier. There are six parallelograms that are created in the

reproduction or subdivision of this structure. These parallelograms have to be taJten

care of by some other method than the repeatable one desired for this project. Each

one of the seven hexagons reproduced in the division of the original structure could

also be subdivided into seven hexagons and six parallelograms. If the need for looking

into the parallelograms is not important, this is a good sensor placement technique

to use.

3.3 Choosing One Sensor Array Type: The SAO Structure

Even though different repeatable structures were studied for as potential candi

dates for the study of this research, only one sensor organization was practical to

pick since the theory developed in this project would ultimately be implemented on

hardware. It is difficult to build multiple hardware platforms for testing an underde

veloped technique because nobody knows whether the theory would actually be useful

or not before it is developed. It is also good practice to study the options carefully,

and finally pick the best seemingly best option for practical implementation.
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Figure 3.2: The Hexagonal Organization of Sensory Template(HOST). Figure (a)

shows the basic structure, and figure (b) illustrates the repeatability of the basic struc

ture.
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The Sensor array which was picked for this thesis was the Square Array Organi-

zation(SAO). The reasons behind this choice are listed below:

In the SAO structure

• rows and columns are easier to identify than the HOST,

• there are more repeatability in the subdivision whereas the HOST has areas where

parallelograms are created instead of hexagons,

• hardware implementation requires simpler assembly than the HOST, and

• it is simple to look at local regions, by conventional masking methods of isolating

square regions.

It is not, by any means, implied that the HOST would be impossible to implement.

It is rather emphasized that both from the hardware and software perspectives, it is

easier to implement the SAO placement type. That is why the SAO was chosen

instead of the HOST for sensor placement.

3.4 Summary

Since data interpolation through polynomials is the heart and soul of the sur

face approximation algorithm developed in this project, appropriate sensor place

ment played an important role in the effectiveness of the algorithm. A square sensor

placemet technique named SAO(Square Array Organization) is chosen to meet the

constraints that would be posed by the polynomials and masking requirements of the

algorithm developed.
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CHAPTER 4

Curve Interpolation

Data interpolation is the discipline where information is processed based on a table

of data or functions [15]. Interpolation techniques attempt to identify the correspon

dence between the discrete information available, and based on these correspondences,

information at unknown or unavailable areas are approximated.

Many times, the data available from a system remains insufficient for it to arrive

at conclusive results with reasonable accuracy. When this available data is not enough

to process through the system, the data needs to be interpolated [16] at places where

information is not available. The system, if the interpolation is in coherence with

the real data, is often able to process this extended information to output acceptable

results. This is why, from an engineer's point of view, data interpolation is important.

Data interpolation could be achieved from two different approaches. The first

one among them is upsampling the data at specific locations of interest. The other

approach provides a functional description of the data where interpolating data can

be achieved at any location desired within the boundary of the functional description.

For applications of interpolation techniques in approximating surfaces, most peo

ple tend to take the second approach defined in this thesis—an approach that deals

with a general functional description of the entire surface within a certain boundary.

Dierckx talces an approach to surface fitting by evaluating a proper set of coefficients to
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fit a spline function which would describe the surface. Hall [17], [18], however, takes a

slightly different approach to approximate surfaces by splitting the surface under con

sideration into sub-intervals or sub-surfaces. He calls this procedure a CNC(Computer

Numerically Controlled) approach. As the basis of surface fitting, two dimensional

interpolations also become crucial in the context. Loach talks about the continuity of

spline functions and their improvement in convergence resulting from a certain set of

free "knots " or data points in the polynomial. Mulansky, in accordance with Loach,

discusses the better performance of the Chebyshev polynomials having free knots.

4.1 3-D Surface fitting

In the Department of Computer Science at KU Leuven, Belgium, Dierckx, Leem-

put, and Vermeire [1] fitted a surface through a set of scattered points in 3 dimensions.

Splines with proper triangulation were used for this surface fitting job. The depth

map, referred to as Z{x, y), is first obtained and then smoothed in order to derive the

final description of the surface. The smoothing factor was the weighted sum of the

squared residuals. The triangulation method was carried out through an adaptive

way where all the knots of the spline were determined.

Dierckx [1] decided to break the surface up in triangles, and the surfaces for all the

different triangles were combined to obtain the surface description. Bernstem-Bezier

representation of the polynomials were used in this study [2]. The polynomials were

Bernstein polynomials and the coefficients were the Bezier ordinates.

For better understanding of Hall's approach, the definition of the Bernstein Poly-
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nomial and their Bezier coefficients are listed here. The Bernstein Polynomial of

degree d is described as:

(4-1)

Here, the r symbols have the following definition,

TlXi + T2X2 + T3X3 = X

TiVi + T2y2 + Tzyz = y (4.2)

X\ T2 Tz = 1

If the Bezier coefficients with respect to the proper triangle is then the Bernstein-

Bezier polynomial is expressed as:

pCx.s) = E ki.kBUA^) (4.3)
t+j+fc=d

This was the basis for Dierckx's work. He applied this adaptive triangulation

method using the Powell-Sabin splines. The Powell-Sabin splines are described in the

following manner:

5;(A) = =
d

Here, the given conforming triangulation A of 0 with triangles pj are described.

Without going into further detail of this particular approach, it can be under

stood that a lot of updating in the complex triangulation process is needed to be

done before each of the polynomials in a particular triangle can be determined. Also,

the evaluation of the polynomials themselves involve extensive calculations for their
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coefficients, the expressions of which coefficients are not listed here to avoid the per

plexity each one imposes. Therefore, this approach could be considered as one which

is computationally demanding. For applications such as robot navigation and obsta

cle detection, the computational burden is a concern since a lot of other computation

involving the robot kinematics, dynamics, local and global positioning is achieved in

parallel with this sensory aspect of the robot. Therefore, this type of approach for

designing the sensors on a robot can be considered as complex.

Nevertheless, Dierckx's method has one aesthetic aspect to it which is highly

commendable. The polynomials determined are carefully trimmed at places to remove

sharp edges and abrupt changes in the contour. The residual smoothing provides the

surface with an artistic characteristic. Also, with proper triangulation in the surface

domain, the accuracy of the interpolations for gaussian distributed surfaces could be

reduced to about 5%. This is a significant strength of this interpolation technique.

3-D surface approximation also has practical applications such as material removal

from optical surfaces [18]. This work was inspired by the need of polishing and

cleaning up lenses in machines.

A flawed mirror blurs the vision of the $1.5 billion Hubble telescope,

imperiling its hopes of seeing the edge of space and the beginning of

time.(Newsweek, July 1990)

A computer Numerically Controlled(CNC) study has supplanted, to a certain extent,

the human efforts for grinding and polishing such surfaces [17]. Mathematical models

were developed for the kinematics of the operation tools and also for the material
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removal profile for the surface under consideration. One of the key parameters in the

CNC approach is the material removal rate of the machine. And the determination

of this material removal rate requires the workspace profile along with the speeds of

the points on the contact pad in a certain time interval. Even though this study

was conducted more towards solving the problem of material removal rate from the

optical surfaces, the rate depends on parameters such as the pressure between the

pad and the workpiece and the relative speed between the pad and the workpiece.

The working surface was assumed to be stationary, but the surface contour was still

needed to be estimated to some extent. The material removal rate was determined

based on a parameter called the material removal profile space, a description which

was clearly influenced by the contour of the surface. The contour information of the

surface, in this case, was interpreted through the pressure data between the removal

pad and the surface itself.

3-D shape reconstruction is another area in which surface information becomes

crucial. Surfaces from multiple range images is one method of solving this struc

ture reconstruction and representation problems [19] [20]. Instead of extracting and

matching features and thus constructing the 3-D shape, all the surfaces of an object

from the multiple range images were constructed, and then they were finally fused to

determine the structure of the object. Octree-splines were used in order to find the

range data from the sensor to the surfaces, and the minimization of the least squared

technique helped reduce the error introduced by the splines. Range data analysis also

include developing operators for computer vision [21].

The fast distance computation [19] was achieved in four distinguished steps, much
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similar to the approach taJten in this thesis. Surface point octree-splines were con

structed first [22], followed by the subdivision selection on the surface, corner distance

computation [3], and finally the crack elimination or the continuation enforcement.

In this method, each surface was first constructed and later smoothed to reduce errors

and avoid sharp edges.

One of the central ideas behind any interpolation procedure is that the interpola

tion model derived comes from a statistical basis. That is, the available information

is indeed statistical information about the signal or the function. Therefore, some

mathematicians and scientists often take statistical approaches for interpreting infor

mation. Tanemura [23] uses a directional interaction approach in order to statistically

model point objects in space. This may not have direct implications on 3-D structures

since he deals with point objects, but nevertheless it is another method of interpreting

statistical information to come up with solution models for given problems.

4.2 2-D Polynomial Interpolation

2-D polynomial interpolations are often the basis of the 3-D functions describing

surfaces. At the least, the basic principles for interpolation are much easier to under

stand in two dimension than in three dimensions. The purpose of this thesis project

was to expand some chosen 2-D algorithms into 3 dimensions in order to obtain surface

approximation. And since this expansion required modification and additional com

plexity in the context of developing the new algorithms, relatively computationally

easy algorithms received more attention than their more complex counterparts. The
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basic algorithms looked into were the Lagrangian interpolation, the Chebyshev poly

nomial, the Linear interpolation, the Cubic Hermit and Cubic Spline interpolations,

etc. These methods are briefly discussed here in terms of their prior applications.

Mulansky [24] describes a method of using Chebyshev polynomials in the spline

fashion. He decided to take the spline approach so that he could free up the knots

guiding the polynomial through the plane. Spline functions, as it is common knowl

edge to the people involved with data interpolation, are very flexible and fit even the

nonsmooth functions efficiently. Mulansky followed the notion of tangent cone and

came up with a new sign rule for the spline theory. In his opinion, free knots give

more flexibility for the splines than fixed knots do. This comment is supported by

this thesis, where a fixed knot at the boundary was impossible to achieve and free

boundaries were considered.

The construction constraints of cubic spline polynomials are described by

Murchuk [25]. the constraints require that the piecewise cubic polynomials have

continuous derivatives up to the second order, the conditions also require the poly

nomials to go through the discrete given points and their second derivatives at the

boundaries be zero. This is the type of cubic spline polynomial that is generally used

for interpolation. The spline technique used in this thesis, as described in Chapter 5,

have conditions very similaj to the ones described by Murchuk.

2-D polynomial derivation techniques are extensively discussed by Bearden [26].

The Lagrange polynomial, according to Bearden, is oscillatory with fewer data points

and more stable with larger quantity of available points. Even in a stable polynomial,

however, Lagrange polynomials are oscillatory at their endpoints. The cubic spline
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polynomial described by Bearden has numerous conditions associated with it. Bear-

den's analysis in this respect is quite similar to that of Mulansky [24], as mentioned

earlier. Bearden also seems to prefer the natural boundary conditions for general

purpose implementation of cubic spline algorithms.
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CHAPTER 5

Interpolation Algorithms Basics

Approximations at different points on the surfaces were done through several

mathematical interpolation techniques [15] [26] [25]. The mathematics is based on

two dimensional data, which means that the techniques deal with curves on a plane

or polynomials [27]. The algorithms used are; Lagrange Algorithm, Piecewise Linear

Algorithm^ and Cubic Spline Algorithm. The reason more than one algorithm were

studied was because a comparative study could be done about the performances

of these algorithms on a three dimensional surface using the 2D to 3D expansion

of the interpolation techniques. Brief discussion of the algorithms used for surface

approximation are provided in this chapter.

5.1 The Lagrange Algorithm

The Lagrange Interpolation method is based on point data on a curve and the

derivative information at those points. This sort of interpolation tends to be oscilla

tory at the endpoints and more stable in the middle of the interpolation coordinates.

The reason is very simple. It is hard to find derivatives towards the endpoints of

the interpolation coordinates. In fact, for discrete data set, the derivatives at the

endpoints axe not even defined in most cases. Therefore, some other approximation
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Figure 5.1: The Lagrange interpolating polynomial. Note the oscillation at the

end-points. The dark dots are measured data points.

method would be needed at the endpoints in order to find the derivative informa

tion. This approximation introduces additional errors at the starting point of the

algorithm, and therefore, the curves at the endpoints tend to deviate further from

the true measured values.

The algorithm generates a polynomial which goes through the available data

points, and then tries to approximate along the rest of the polynomial's range(Figure

5.1). There axe some shortened term- definitions that would be made during the

course of describing this algorithm.

Lagrange Polynomial is defined to be P{x) in this description. If the actual mea-
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sured value at any position Xk is f{xk), then the goal of the polynomial is to achieve

P{xk) = f{xk)- For the application of this project, which is Surface Interpolation,

the major objective was to minimize the difference of P{xk) and f{xk). Therefore,

the accuracy of the surface interpolation technique depends on the following term:

P{xk) - f{xk)

For a set of measured data points {xo,f{xo)),{xi,f{xi)),...,{xn,f{xn)), the La-

grange Polynomial is defined as,

P{x) = f{xo)Ln,o{x) + f{xi)Ln,l{x) + f{Xn)Ln,n{x)

Or, P{x) = ̂  /(xjt)L„,fc(x)
k=o

Here, Ln.k{x) is defined by the following,

.  . _ (x - xo)(x - Ji)(x - X2)—(a: - ~ Xn)
{Xk - Xo){Xk - Xi){Xk - X2)...{Xk - Xk-l){Xk - Xk+l)...iXk - Xn)

_  TT ~ ̂')
,• (xk - Xi)

Here, The n symbol represents the usual product of the terms assigned to the 0

symbol.

It is pretty evident that the degree of the polynomial is the highest degree in the

term L„,„(x). And from the definition of Ln,k{x), there axe n product terms associated

with L„,„(x) for n + 1 points. And, therefore, the degree of the Lagrange Polynomial

derived by n + 1 data points would be n.
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5.1.1 Lagrange Algorithm Computation Technique

The Lagrange Interpolation uses a computation method called Newton's Divided Dif-

ference(NDD) method. This NDD is basically a quotient of two difference measures.

For example, the slope of a straight line is a divided difference. That is, if a straight

line goes through points (a;i,yi) and (0:2,2/2)5 the slope is defined by

slope = (2/2 - yi)l{x2 - a:i)

which is a divided difference of the sets (xi,j/i) and (x2,2/2)-

It could be assumed that P„(x) is an nth degree Lagrange Polynomial that ap

proximates some pre-defined function f{x). The NDD method enables one to derive

coefficients oq through a„ if the polynomial is expressed as follows,

P„(x) = oo -f ai(x-xo) -f -I- a„(x - xo)(x - xi)...(x - x„_i) (5.1)

The computation of the coefficients starts with a sorted data set. That is, the inde

pendent coordinates of the data sets should be sorted in an ascending manner in order

to start the procedure of deriving the polynomial. For simplicity purposes, it could be

assumed that (xo,/(xq)), (xi,/(xi)), ... , (x„,/(x„)) are n data points sorted in an

ascending way in the independent x direction. This assumption states that xq is the

smallest data and x„is the highest data available in the x direction. The coefficient

derivations are done by using equation 5.1 and plugging in the x coordinates of the

points in that equation and solving for the coeflBcients left in that equation.

If Xo is substituted for all the x's in equation 5.1, the coefficient oq could be

evaluated.
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ao = P„(xo) = fixo)

Similarly, by replacing all the x's with ii's, and by using the value of oo, it could

be derived that

f{xi) - fixo)
0-1 — ~ •

r 1 xq

Thus, substituting X2 for x in equation 5.1, and also using the terms Oq and Oi,

the expression for oj is:

fix2) - 2/(a:i) + f{xo)
<22 —

X2 ^0

,  , f[Xl,X2]- f[xo,Xi]
In other words, 02 =

X2- Xq

From now on, in computing the Lagrange Polynomial coefficients for any z"' point,

f{xi) would be referred to as f[xi]. Thus, the divided difference of {xi,f[xi]) and

(x.+i,/[a:.+i]) is defined as

(5-2)

For clarity, these divided differences are assigned with orders depending on which

level the differences were calculated at. The function values or the measured val-

ues(the /[x,]'s) are called the Zeroth Divided Difference, the divided difference be

tween {xi,f[xi]) and (xj+i,/[x,q.i]) is called the First Divided Difference

the divided difference between {xk, f[xk, --TXi]) and (a:fc+i,/[a;A:+i,..,a:i+i]) (where

k is less than z) is similarly called the (z — fc)"' Divided Difference f[xk^ ..a:,].

The computation of the divided differences could be understood better if the data

is arranged in a tabular or array fashion every time a new difference is calculated. The
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use of the Newton's Divided Difference in the Lagrange Interpolation is for generating

the Lagrange Polynomial coefficients. The procedure is simple. All the measured data

are put in a column next to the actual coordinates arranged in a column referring

to those measurements. This way, if one is working with n sets of data, one has n

members in the two columns to the left (corresponding to the coordinates and the

measurements at those coordinates), and has n — 1 members in the newly created

column. Similarly, the next column is created by using NDD in the previous column

and the first column members that correspond to that previous column. Accordingly,

n — 2 members are created in the newest column. Thus, every time a new column is

created, that new column has one less member than the previous column. This results

in a cone shaped table which is called the Newton's Divided Difference Table(NDDT).

And the members at the edge of the cone, either at the top or at the bottom after

excluding the member corresponding to the column at the most left(which is the

coordinate information only), are the coefficients of the Lagrange Polynomial (Table

5.1).

By careful observation of this computation method, one can realize that for n

sets of available data sets to generate a polynomial, n coefficients are generated by

the Lagrange computation process. Thus, the polynomial is of degree n. Since the

basis of the derivation of the coefficients are Equation 5.1, the derived coefficients qq

through a„ refer to the coefficients in Equation 5.1.

This paxticular NDD just used in determining the Lagrange Polynomial is

called the Backward Divided Difference because for computing f[xi,Xi+i], the set

(xi+i,/[xj+i), which was considered later, is used for the initial basis of measuring
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Xo /[xq] = Co

f[xo,xi] = ai

Xi f[xi] /[xo,Xi,X2] = 02

/[xi, X2] f[xo, Xi, X2, X3] = 03

X2 /[X2] /[xi,X2,X3]

/[X25X3] /[xQ) Xi, X25 X3]

Xfi—l 1] y [Xn—1) Xji, Xn+1

y[Xn—1 ? Xn]

fi^n]

Table 5.1: Newton's Divided Difference Table.
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discrepancies in both the numerator and the denominator of the right side of Equa

tion 5.2. The other kind of NDD would be the Forward Divided Difference which

would use the first set as the set of reference in measuring differences. Therefore, the

Forward Divided Difference of the expression for the NDD for the sets {xi,f[xi) and

{xi+i, f[xi+i) would be

/[x.„,x,l =

As easily observed here, the value of the NDD does not change for particular sets

of data. Which one of the two Divided Differences to use in ones algorithm depends

on how data is available to the user while the processing is going on. Mathematically,

for Lagrange Polynomial coefficients determination, forward or backward divided dif

ference does not matter. In this project, the backward divided difference is used.

5.2 Piecewise Linear Algorithm

The Piecewise linear approximation is by far the easiest algorithm to comprehend.

The central idea of this algorithm is to set up a straight line between every pair of

points next to one another in the coordinate frame. Then, by using the straight

line equation, the algorithm interpolates any range data from the given coordinate

information.

The Piecewise Linear Polynomial is expressed as PWL{x) as follows:

PWL{x) = mx + h

This is the definition of a straight line where m is the slope of the line, b is the intercept
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Figure 5.2: The Piecewise linear function going through a set of data points. This

linear polynomial simply draws straight lines between pairs of points.

in the dependent axis(in this case, the PWL{x) axis). In general, a piecewise linear

polynomial can be viewed as data points interconnected by line segments. This is

illustrated in Figure 5.2.

There is one limitation to this polynomial. This polynomial interpolation would

fail when two samples are taken from the same coordinate. It is because the slope of

the line in that case becomes infinity. It is true that if the sample magnitudes are the

same, the zero difference in the numerator would overcome this infinity slope problem,

but when the range sensors are involved, chances are, when the two samples are talcen

from the same coordinate, their values would not be the same. The range sensors
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use the time of flight information to measure distances, and the real environment, in

most cases, would show different readings even at the same coordinate if they are are

taken at different instances. Therefore, one needs to be careful that sensor placement

is done in order to avoid two sensor readings at the same coordinate.

5.2.1 Piecewise Linear Algorithm Computation Technique

Since the algorithms are defined in the two dimensional domain, this algorithm would

also be described in the 2-D context. If one assumes that two known points are given

to be {xi,yi) and {x2,y2), and a third point in between them is (x,j/), the definition

of slope provides us with the following equation,

7^^—^ = {y2 - yi)ix2 - xi)
(x-xi)

Or, y = yi + {x- Xi)(i/2 - yi)/{x2 - a:i)

One can note that the above is the equation of a straight line. Thus Piecewise Lin

ear Interpolation interpolates along the line connecting neighboring nodes or points.

5.3 Cubic Spline Algorithm

The Cubic Spline Algorithm is a powerful method of approximating 2-D functions.

From the name of the Algorithm, Cubic Spline, it is pretty evident that cubic or third

degree polynomials are used in order to interpolate data points. The power of this

algorithm lies in the principle same as the Piecewise Linear algorithm's principle.

That is, the full scale of the independent part of the data set(the x direction on
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an (x, y) plane if y = f{x)) is divided into small sub-intervals. Then a separate

polynomial is evaluated for each sub-interval; in this case, the polynomials evaluated

are third degree polynomials. The reason a third degree polynomial is evaluated in

every sub-interval is because cubic polynomials are the simplest polynomials which

have continuous derivatives throughout and are able to change directions in both

increasing and decreasing directions of the interpolated values. In other words, cubic

polynomials can "swing" both up and down in a standard cartesian (x,j/) plane.

Figure 5.3 shows how a Cubic Spline Algorithm generally interpolates between two

points.

From the definition of the Cubic Spline algorithm, and also from Figure 5.3,

one is able to note that Cubic Spline polynomials allow sufficient flexibility in not

only having the continuous first derivative, but also having continuous second deriva

tives. From basic calculus theory, first derivatives are measures of the change in

a certain function, whereas the second derivatives are measures of the "inflection

points ", points which separate the concaving-upward part of the function from the

concaving-downward part of the same function. This continuous second derivative

quality provides Cubic Spline polynomials with the "swing" capability. However,

this polynomial does not guarantee that the derivatives, at the actual data points,

would be the same as the derivatives in the original function. Nevertheless, the Cubic

Spline interpolation does go through the original data points in each interval and in

the global interval as well. In summary, the Cubic Spline interpolation in two di

mensions look like a flexible rod smoothly bent at places to go through the actual

measured data points [26].
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A

Figure 5.3: The General Cubic Spline Polynomial connecting a sub-interval from

point A to point B. The "upswing " and "downswing " are labeled in the diagram.

This figure illustrates the polynomial's capability to adjust itself to faster changes in

the data points through multi-swing features.
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As stated earlier, a Cubic Spline interpolation could be described as a set of

third degree polynomials. In the two dimensional plane, if the n global inter

vals are [a:o5 3;i],[a;i,X2],...,[a:n-ii2^„], then there will be n cubic polynomials namely

C5o,i(x),C5i,2(x),...,C5„_i,„(x) derived, and the global interpolating polynomial

would be

C5(x) = [ C5o,i(x),xo < X < xi

C5'i,2(x),Xi < X < X2

CiSn—l,n(®)? ®n—1 ̂  ̂

]

Conditions of the Cubic Spline Polynomial:

The basis of the Cubic Spline polynomial is developed on certain conditions. These

conditions provide the polynomial with its smooth shape, its ability to go exactly

through the true data points, its "swing" capability, and the other third degree

polynomial attributes associated. The conditions are summarized below;

1. If the interpolating polynomial is CSi^i+i{x) and the true function is /(x), then

CSi,i+i{xi) = f{xi).

2. C — CSi,i+l{Xi^l).

3. j+2(a:t+i) = C'iS',',.|.i(xi+i) for i = 0,1,2, ...,n.

4- +i(xi+i) for i = 0,1,2, ...,n.
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Conditions ̂ 1 and ̂ ^2 establish the polynomial's path through the true data-

points. Condition #1 makes sure that the interpolating polynomial includes the

beginning point in each sub-interval in its path, whereas condition ̂ 2 assures the

polynomial via the end-point of the same sub-interval. Condition #3 forces the slope

of any two consecutive polynomials to be equal. This assures a smooth junction

of the connecting polynomials. The last condition emphasizes on the concavity of

the polynomials at the junction. By setting the second derivatives equal between

connecting polynomials, it is made certain that there is no conflict in the concavity

of the global interpolating polynomial, the global function which is a union of all the

sub-interval polynomials.

5.3.1 Boundary Conditions for Cubic Spline Polynomial

There are two kinds of boundary conditions for the Spline algorithms in general,

including this Cubic Spline algorithm [24] [28] [16]. The boundary conditions are

named as follows:

1. Natural Boundary, and

2. Clamped Boundary.

A short description of these boundaries are given here.

Natural Boundary! The Natural boundary condition is the most reliable and

easy condition to satisfy when the actual function describing the data points are

unknown. That is, if there are no functions defined in order to describe the global

behavior of the actual data, the Natural boundary condition is the "natural" way
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of invoking interpolation function behavior at the endpoints. These end-points are

called the "boundary " of the function in mathematical terminology. All this condi

tion imposes is that the initial second derivative at the first sub-interval be equal to

the final second derivative at the very last sub-interval. If the first piece of the inter

polating Cubic Spline polynomial is CSo,i(x) and the last piece of the interpolating

Cubic Spline polynomial is C5'n-i,n(3;), then the Aatwra/boundary condition imposes

CS^IJxo) = cs:_,jxr.)

This condition forces the polynomial to avoid oscillations at the actual measured

points by making the first derivatives of the two Cubic Spline functions to be equal

at their junction. This is the boundary condition used in the scope of this

project.

ClcLinped Boundaiy! The Clamped boundary condition invokes more con

straints on the interpolating polynomial. This type of boundary condition needs the

end-point derivatives to be equal to the end-point derivatives of the original function.

If the interpolating Cubic Spline polynomials at the end-points are C5o,i(x) and

C'5n-i,n(a:), and the original function is f{x), then the Clamped condition invokes

that the following be true;

CS'o^iixo) = f/{xo)

and, = //(a:„)
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That means, in order to impose C/amped boundary condition, the original function

describing the data set must be known, or the end-point derivative values or their

accurate approximations must be known. However, this raises a question about the

applicability of this boundary constraint. If the function describing the data set is

already known, there need not be many reasons to interpolate anymore. Actually,

the derivative information at the endpoints should be enough to satisfy this condi

tion. Therefore, a different method of interpolation may be used in order to impose

Clamped boundary condition in the Cubic Spline approach. But, chances are, the

derivative information obtained by another algorithm(such as Lagrange, or Linear)

are of low resolution, and thus the Clamped condition could lead one to an erroneous

approximation of the curves.

5.3.2 Computation Technique of Cubic Spline:

The two dimensional Cubic Spline polynomial in the interval is defined by

the following function:

C5'i,,+i(x) = ai + bi{x - Xi) -I- Ci{x - xif + di{x - a;,)^ (5.3)

Equation 5.3 is the heart and soul of deriving the polynomial coefficients at each and

every interval. The computation technique follows the four conditions listed earlier

in this section along with satisfying Equation 5.3. First of all, by setting all the x's

equal to x^'s, and by following condition #1, is derived,

a.- = CSi,i+i{xi) = f{xi)
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Moving along the list of conditions, if condition #2 is applied,

Ot+i = C'iS'i+i,,•+2(3^1-1-1) — )

Or, (Xi+i = flt "h bi[xi^i — Xi) 4" Ct(xj+x — Xi) + d,(x,.|.i — x^)

The term (li+i —x^) is repeated commonly in this discussion. Therefore, it would be

referred to in the shortened terminology as u,. Therefore,

Vi = Xi+i - Xi (5.4)

Now, all the other coefficients except for the are undetermined until this stage.

By talcing derivatives on both sides of Equation 5.3, the 6, could be derived. After

differentiating both sides of Equation 5.3, it is obtained,

~

By plugging in x,- for x in Equation 5.5, and by using Equation 5.4, it is evident

that,

6, =

If condition ̂ ^3 is applied at this stage,

bi+i = bi + 2c,u, + ZdiVi (5.6)

If further steps are talcen to differentiate Equation 5.5, the following is obtained,

CSi,i+i{x) = 2ci + 6dj(x — Xi) (5.7)

And, substituting x,- for x, Cj can be defined as

c. = ̂̂ «.'+i(^») (5.8)
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By applying condition the future c,- could be defined,

Ci+i = c, + SdiVi (5.9)

The only unknown coefficient is now di. And one derive d, easily by solving Equation

5.9.

di = (5.10)
o

These coefficients need to be iteratively determined within every sub-interval of

the Cubic Spline polynomial. After deriving all the aj,6,-,Ci, and d.'s, the global view

of the Cubic Spline polynomial is obtained.

5.4 Comparing the Algorithms

The three algorithms, the Lagrangian, the Linear, and the Cubic Spline, can be

compared with one another on the same grounds. The computational difficulties vary

from one algorithm to the other—the Linear interpolation being the simplest while

the Cubic Spline the most complex among the three. But, interestingly, none of these

algorithms require extensive calculations by any means. That is why instead of com

paring their computational methods, only their performances along curves would be

compared. As one can see in Figure 5.4, The Lagrange polynomial tends to oscillate

towards the end points. But, throughout other regions, Lagrange polynomial is a

smooth polynomial interpolating through the data points and is a one-piece polyno

mial throughout. The linear interpolation, as expected, is monotonously increasing

or decreasing between each pair of points. This polynomial is strictly based on the
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Figure 5.4: Comparison among the three polynomials going through the same points.
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positions of each data point. Therefore, it does not bias towards the rate of change

of the data at each point. The cubic spline polynomial, however, has both upswing

and downswing in each interval. This provides the polynomial with low derivatives

near each real measured point.

As far as to which polynomial is the best approximation, none can answer that

question with confidence. That information is dependent on the original function

itself. If the original function tends to be linear, the linear approximation would

obviously be the best fitting curve. Likewise if the original function is oscillatory

at the ends and smooth towards the middle, Lagrange is the prime candidate. The

performances of these algorithms expanded in the 3-D context would therefore be

depended on the actual surface the polynomial is trying to interpolate. Also, as

focused in this thesis that robot navigation is the reason behind this surface study,

navigation may be fitted better for a particular type of algorithm even though that

algorithm might not have the best accuracy analytically.

5.5 The Chebyshev Polynomial

The Chebyshev polynomial is a familiar polynomial in designing digital filters [29]

and thus is common knowledge to people in the areas of Digital Signal Process-

ing(DSP) and Image Processing(IP). In the DSP and IP environments, Chebyshev

polynomials have shown consistent performance even with inconsistent and noisy data

sets and for higher degree filter implementations. The passband ripple in the digital

filters using Chebyshev polynomials haxdly ever causes any problems for practical
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applications such cis digital noise removal and audio signal processing. Therefore, it

is reasonable to think about Chebyshev polynomials in other practical applications

such cis surface construction discussed in this thesis.

The Chebyshev polynomial sets are orthogonal polynomials with respect to certain

weight functions influencing the polynomials' nature [26]. For ease of understanding,

this polynomial would also be described in 2 dimensions. The Chebyshev polynomials

would be denoted as T{x) throughout this discussion.

The Chebyshev polynomial is an iteratively constructed polynomial. In each it

eration, the degree of the polynomial increases. Each stage is also dependent on the

two previous stages. In simple mathematical terms, the Chebyshev polynomial can

be described by the following;

rn+i(x) = 2xTn{x)-Tr,.rix) (5.11)

Here, n is a particular iteration in the determination of the polynomial. As it can be

easily seen, the entire polynomial determination would be characterized by the ap

proximation of the first two initiating polynomials ro(a:) and ri(x). These selections

are also dependent on the basic function with respect to which these polynomials are

orthogonal to one another. Orthogonality of the polynomials is directed by specific

conditions. A good test of orthogonality in the interval [-1,1] with respect to a weight

function w{x) would be,

J-i w{x) 2

The more explicit definition of the orthogonality property of the Chebyshev polyno

mial could be used to determine the initial or starting stage of a Chebyshev polynomial
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of a later stage. Let the weight function, with respect to which the Chebyshev poly

nomials have orthogonality, be denoted as Now, orthogonality requires that

the following be true.

L
Tr,{x)Trn{x) ^ ̂

iy(a;)

Here the n and the m are two different stages of the Chebyshev polynomial. Now

depending on the weight function, the To{x) and Ti{x) are chosen. A popular practice

is to use the derivative or the multiple of the derivative of the weight function as one

of the functions, and adjust the other one to satisfy orthogonality.

Chebyshev polynomials, however, require a specific set of coordinate location re

strictions at which the data need to be obtained [24]. This optimal spacing of points

enable the polynomial to reduce the error compared to other approximation tech

niques such as the Lagrange interpolation method. Also, Chebyshev polynomial helps

reduce the degree of the polynomial with minimum loss in accuracy. That is, a set of

data points interpolated by an n"* degree Lagrange polynomial can be interpolated

by a < n"' degree Chebyshev polynomial with greater or equal accuracy. However,

the optimal spacings of the coordinate locations are required, and this constricts the

use of Chebyshev polynomials where spatial sensor positioning is not recommended

to be absolutely strict, or geometrically difficult to calibrate.

Nonetheless, the optimal spacing method of the Chebyshev node determination

is briefly mentioned here. If the Chebyshev nodes are referred to as Xk

0,1,2,...,n), then the expression for Xk is,

Xk = cos{———tt) (5-14)
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It is not difficult to imagine that it would be rather difficult to find a method of

running this Chebyshev algorithm in multiple directions to match with the sensor

positioning of the approach taken in this thesis. That is one of the major reasons

why this polynomial was not expanded to three dimensions.

5.6 Summary

Polynomial based surface interpolation technique is the major emphasis in this

thesis. Three interepolative polynomials—the Lagrange polynomial, the Piecewise

Linear polynomial, and the Cubic Spline polynomial—were studied thoroughly for

implementation. These three algorithms showed potentials for interpolating through

varied sets of data points within the limitations posed by surface generation method

outlined in Chapter 6. Another popular algorithm in Electrical Engineering called the

Chebyshec polynomial, used extensively in designing digital filters, was also reviewd;

but Chebyshev algorithm could not be applied in this project because this particular

algorithm contradicted with some of the requirements of the surface approximation

technique discussed in this thesis.
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CHAPTER 6

Surface Generation

Three Dimensional Surface generation is the principal concentration of this study.

Interpolation techniques described in Chapter 5 are used with the sensor placement

technique in Chapter 3 in order to generate surface information from the insufficient

range data available [3] [19] [30] [31] [32]. The reason the data available is referred

to as insufficient range data is because only a few sampled points on the surface are

considered as the input to the system, and a continuous function for the entire surface

region is generated from that set of input data. Subsequently, the depth information

of any point on the surface under consideration could be obtained from the continuous

function generated from the interpolation techniques over the caxeful sensor placement

geometry of the system. In summary of the Surface Generation technique, it could be

said that the input to the system is a set of discrete data representing the

depth measurements at different points on the surface, and the output of

the system is a continuous function interpolating the depth measurement

at every point on the region of interest. Figure 6.1 illustrates the system from

a block diagram input/output point of view.
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Interpolation

Continuous Function

z = f(x,y)

Figure 6.1: The system block diagram from an input/output(I/0) perspective.
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6.1 Technique involved in Surface Function Generation

The continuous function describing the 3-D surface is obtained by running the 2-D

interpolation algorithms described in chapter 5 on the sensor placement described in

chapter 3. Therefore, the 3-D surface generation could be thought of as a careful and

thoughtful combination of the 2-D interpolation technique and the sensor placement

geometry. This combined procedure of obtaining a continuous function to measure

surface depth could be achieved in the following steps:

1. Choose a 2-D interpolation algorithm.

2. Run the 2-D interpolation algorithm over the entire surface of interest by

rows, columns, and diagonally distributed data points. Thus, the data are upsampled.

3. Organize the upsampled data in rows, columns, and diagonals in order to

regenerate the Square Array Organization(SAO).

4. Mask a region of interest by separating a square region from the larger square

data set.

5. Create the Weight Vector(WV) to assign Row, Column, and Diagonal weights

for the generating polynomials in those directions.

6. Create the Polynomial Vector(PV) by computing polynomials inside the mask,

and take the scalar product of the Weight Vector and the Polynomial Vector to gen

erate the continuous depth function inside the mask.

7. Move the mask on the entire surface region, repeat steps 4, 5, and 6.

8. Combine all the continuous functions generated in step 1, and use arithmetic

averaging to generate a single function describing the entire surface.
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The result of the above steps is a continuous depth map, z = f(x,y).

For the experiment base of this particular project, a 3 by 3 array of actual mea

sured data were used. These 9 datapoints were described in the usual Cartesian (x,y,z)

coordinates' notation where the z direction, as described earlier in this chapter, refers

to the depth of the surface at the corresponding (x,y) location.

As the very first processing on the data set, the points were normalized in both the

X and the y directions in order to get free from the confusion of the sensor placement, a

placement which could have been implemented as a rectangular organization instead

of a square organization. The lower limit of either the x or the y direction was 0.0

and the upper limit was decided to be 1.0. These numbers were chosen in order to

standardize a minimum and a maximum limit on the kinds of data available to the

system.

Then each of the rows were driven through a 2-D interpolation algorithm to gen

erate two extra points in each row. After completing through the rows, the same

method was followed for the columns and the diagonals. Thus, an upsampled total

data set with 25 total points are created. Among these 25 points, 16 are newly gen

erated or interpolated points, and the other 9 are the original measured points. Data

sets can be expanded to 49 data points by upsampling even further, but, usually, the

test points need to have reasonable inter-spacings such that the errors in the upsam

pling technique do not overwhelm the adaptive nature of the polynomial interpolation

methods. This expanded set of data is the obtained upsampled data which play an

important role in generating a continuous description of the surface contour. Surface

contour is generated by updating some parameters which are described later in this
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chapter.

It would be easier to describe bow a continuous depth function is generated within

a mask. In order to do so, two terms, the Polynomial Vector(PV) and the Weight

Vector(WV), need to be defined.

Polynomial vector(PV):

The Polynomial Vector(PV) is a vector which has polynomials as its individual

elements at different directions. Each element of this PV vector is associated with a

certain angle measurement corresponding to the angle at which the 2-D interpolating

polynomial lies in the square array organization of the sensory mask. Therefore, the

considered directions in this system are the 0° angle for the rows, the 90° angle for the

columns, and the 45° angle for the diagonals. This is illustrated in Figure 6.2. There

could also be a 135° angle for the diagonals, but the output generated from that set of

information would be redundant since all the upsampling regions are already covered

with the three angular directions. As a result, the Polynomial Vector(PV) is defined

to be the following for n directionalities:

PV = [Pi P2 ...Pn]

And for the purpose of this project, the polynomial Vector is:

PV = [Prow Pool Pdia]

Here Prow, Pcoi and Pdia refer to the interpolating polynomials in the directions of the

row, column and diagonal respectively.

Weight Vector(WV):
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Figure 6.2: The Polynomial Vector Directions in a 3 by 3 square array. The direction

angle for rows are 0°, for columns the angle is 90° , and for diagonals it is 45°.
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The Weight Vector is defined to be a vector having n elements representing the

weight or importance of n elements in some other vector. The arithmetic summation

of the n elements of the WV is 1.0. Therefore, once this Weight Vector(WV) is put

through a dot product or a scalar product with the associated n dimensional mea

surement vector, an independent resultant magnitude is achieved. This magnitude

is a depth-measurement of the representation of a particular coordinate or variable

by the Weight Vector and the associated measurement vector. In this project, the

Weight Vector (WV) assigns importance to the different polynomials in the Polyno

mial Vector(PV). The resultant of the dot product of the WV and the PV is the

depth measurement of the surface under consideration.

The Weight Vector(WV) could be expressed in n direction space by the following:

WV = [WiW2...Wn\

Ew.- = 1.0
t=i

In this particular study, however, WV is defined as:

WV = [Wron^WcolWdia]

Wrow + Wco/ + Wdia = 1-0

The Polynomial vector is achieved by running the 2-D interpolation algorithm

along rows, columns, and, diagonals. Therefore, the first element of the Polynomial

vector is P(a:) since the row coordinates vary in the x direction. Accordingly, the

second element of PV is P{y), and the third element is P{x,y).

The Weight Vector is determined based on shortest distance measurement. If

the desired coordinate to approximate depth is {xd,yd)^ then the point closest to
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{^diVd) in the upsampled data set is identified. For example, let this distance be

mmimum[dzst((xd, j/d)(a:,-, y,))]. Here, the 'dtst' function is the cartesian distance

defined aa.

dist = ̂{xd - XiY + {yd - ViY

The {xi,yi) pair represents all the upsampled and original points in the square

array.

Now, if the closest point in the upsampled data is (x„, y„), the three polynomials

the row polynomial, the column polynomial, and the diagonal polynomial through

that closest point is identified. These are the three elements in the Polynomial Vec-

tor(PV). The distance of the destination coordinate {xd,yd) from these polynomials

are measured. In order to make this part of the discussion clear, these measured

distances would be called draw, dcoh and d(i,a(Figure 6.3). The weight elements of the

Weight Vector(WV) is achieved through the Lever Law, which is basically a linear

weighting procedure as follows:

.  - drniit
Weight in row, Wrow —

Weight in column, Wcoi =

drow+ deal + ddia
deal

drow "1" dco/ "1" ddia
ddiaQdia

Weight in diagonal, Wdia = 3 r~j—
^Tow ( ^col I ^dia

It is evident that Wrow + Wcoi + Wdia = 1-0, which was the basis of the Weight

Vector(WV).

Now that the Polynomial vector and the Weight Vector are calculated, one can

use the dot product in order to define a continuous description of the surface. The
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Figure 6.3: The elements of the Weight Vector(WV) generation. The dark dot in the

images show the location at which depth is to be estimated, (b) is a zoomed version

of a circular region in (a). Figure (c) is a zoomed portion of (b) where the WV

component generating elements draw, dot, andddia shown.
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depth function, as described earlier, would be defined by z(x,y). And the expression

for the depth at any point {x,y) on the surface is:

z{x,y) = PV.WV

This is an equivalent expression of the following:

Z{x, y) = P{x)Wrow + P[y)^col + P[^^ y)^dia

6.2 Masking

Before performing the above mentioned operations, the need to mask on the region

of interest is very important. Masking could be done in more than one stage. Once

the upsampled data is obtained, the region axound the point of interest could be

even upsampled further. Also, additional masking could be done to center the point

of interest under the mask. This probable multiple masking procedure is shown in

Figure 6.4.

Based on the above discussion, it could be understood that by updating the Poly

nomial Vector(PV) and the Weight Vector(WV), the surface depth could be inter

polated within the scope of the accuracies offered by the basic data interpolation

algorithms. The masking procedure could also be updated. The initial mask, in all

cases, is the entire region under consideration. Then subsequent smaller masks can

be achieved until the polynomial vector and the weight vector do not change signif

icantly. For the purpose of this project, once the change in subsequent PV and the

WV are less than 15% to 20%, the mask-updating procedure was stopped. Figure
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Figure 6.4: The updating of the mask. The dark dot in each figure represents the goal

point at which depth is to be extracted. Figure(a) is the first step of masking where

the entire region is considered, (b), (c), and (d) are the smaller masks around the

goal point to get better polynomial and weight vectors.
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Data

Figure 6.5: The algorithm: the major steps to generate depth.

6.4 shows how the mask-updating method reduces the size of the mask itself. Re

duction in size of the mask refer to the PV elements being closer to the goal point,

and, therefore, more accurate interpolation. The entire surface interpolation method

could be viewed as in figure 6.5.



6.3 Summary

Surface interpolation is achieved through a vector based approach using computa

tion of polynomials and some additional but computationally simple steps. Polyno

mial Vectors(PV) and Weight Vectors(WV), as defined in this chapter, are computed

first. Then a scalar product between the PV and the WV generates the interpolated

depth which is seeked to determine the surface contour.
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CHAPTER 7

Experimental Validation Using Hardware

A significant amount from this thesis project has been implemented and tested

on real hardware. The reason is simple. As an engineer it is always the goal of a

researcher to try out theoretical options in real life situations. Even though it is true

that theories cannot always be implemented on hardware without any modification

what so ever, it is a valuable experience to even modify some of the theories and

hardware implement them.

The hardware implemented portions of this thesis include three different areas of

robot navigation in obstacle ridden environments. The tests were mainly designed

for the available mobile robot in the laboratory R2M2, which is a tracked mobile

robot. The first among these is the heart and soul of this thesis, and that is the

surface interpolation from real range data collected. The second is the approach of

the robot towards an obstacle, making sure that the robot does not tip over and have

an accident. The last, but certainly not the least, is the reactive automatic obstacle

negotiation along a straight line. Reactive systems have been utilized successfully in

the past for robot navigation [33] [34].
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7.1 Surface Interpolation from Real Range Data

The surface interpolation technique used in this thesis is based on the Square

Array Organization(SAO) of sensors. Chapter 2 describes this SAO sensor placement

required for surface interpolation. This type of sensor placement is implemented

synthetically, but a real sensor placement on a square plate is also built where the

ultrasonic range sensors are mounted.

A square steel plate of about 2 feet on each side holds the range sensors. A 3 by

3 array of range buttons were mounted on this steel plate. The sensors are read and

controlled by the circuits and organization described in Chapter 3.

There is one parameter that would limit the implementation of the SAO structure,

and that is the inter-distance between the sensors. The sensors need to be mounted

on the plate in such a manner that the inter-distances between the sensors could

be changed for experiment purposes with ease. This obviously limits the easiest

mounting method of using brackets and screws to mount the buttons on the plate.

But on the other hand, the brackets are required to hold the range buttons. Therefore,

the brackets holding the sensors needed to be attached but not bolted on the plate.

Small sized magnets were used to hold the brackets on the plate, but this arrangement

also kept the sensors free to be replaced at desired different locations without any

difficulty.
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7.2 Turning of R2M2 on Obstacles

At one stage of the experimentation process, ultrasonic range sensors were

mounted on both sides of the front tracks of R2M2. This additional integration

of sensors gave R2M2 capabilities of looking at three dimensional surfaces from its

front tracks instead of the 2-D curve along a line. The information obtained was pro

cessed to get interpolated surfaces, and that interpolation result was used to guide

the robot along its navigation path.

The robot was initially placed in front of an obstacle in such a manner that only

one of the side track-sets of the robot was lined up with the obstacle. The other side

had a free navigation path. It is obvious that the robot would tip over on one side if

it tried to negotiate the obstacle if it approached the obstacle straight forward from

such a position. After guiding through surface interpolation, R2M2 was successful in

realizing that its body position needed to be adjusted if successful negotiation is to

be achieved.

The robot initially started climbing straight ahead, but soon it realized the absence

of obstacle on one side. Therefore, it backed up, turned toward the direction of

the obstacle, and tried further to negotiate. Therefore, by the virtue of surface

interpolation, R2M2 was able to go towards the center of the obstacle by taking

automated turns by itself.
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Figure 7.1: Incorporating range and inclinometer information.

7.3 Implementation of the Obstacle Negotiation Algorithm on R2M2

The reactive obstacle negotiation algorithm is based on two dimensional polyno

mial data interpolation. There is an array of ultrasonic range sensors mounted along

one side of the R2M2 robot. Range data from those sensors are interpreted through

a third degree polynomial. The track positions of the robot is informed by three

inclinometers mounted on each of the tracks.

The robot received data from the ultrasonic range finders and the inclinometers.

The range finders along with the inclinometer information provided points in two

dimensions on the path of motion according to the following equations:

X = d.sina

y = d.cosa

Here d and a are the range and the inclinometer information as seen in Figure 7.1.

Now, the coordinate information obtained would be used to set up a third degree

polynomial through the path points, and the relative slopes at the revolute joint
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positions of the robot would be calculated in order to learn how further the tracks

need to move to be able to match the robot's body to the path. The inclinometers

would provide the angle of the tracks at all times.

The above was the initial setup. But, due to the low resolution in the inclinometer

readings, and due to the errors involved in the inclinometer readings because of the

jerkings in the robot motion, inclinometers were taken off of the robot. Therefore,

the current setup is based on the ultrasonic range sensors only.

Since range data axe the only information available to the system at this point,

relative slopes, instead of absolute slopes of the track inclinations are measured.

Therefore, the robot is now trying to take any third degree polynomial generated by

the sensory data, and move the tracks in such a manner that the curve gets closer and

closer to a straight line. When the curve gets very close to a straight line, it indicates

that the tracks axe more or less matched with the terrain, and that maximum traction

is achieved between the path and the tracks of the robot.

Figure 7.2 delineates a few different stages during the reactive obstacle negoti

ation based on a 2-D curve interpolation. Figure 7.2(a) shows the reactive track

adjustments of R2M2 encountering a log or a beam on the floor. Figure 7.2(b) is a

picture of R2M2 going down a ramp. Figure 7.2(c) and (d) shows the behavior of

R2M2 while approaching and also while climbing stairs. These pictures are drawn in

the SAVIC(Simulation Animation Visualization and Interactive control) software [35]

and axe obtained from there. The simulation of the obstacle negotiation algorithm is

implemented by adding onto the SAVIC software and the simulation of R2M2 asso

ciated with it. The actual haxdware, the robot R2M2 itself, was also controlled by
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Figure 7.2: Two dimensional obstacle negotiation of R2M2. Figure(a) shows climbing

over a log as seen by the measured or dotted points. Figure(b) is negotiating a ramp,

while Figures (c) and (d) are climbing stairs. Note how a curve is fit through the data

points in each figure.
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the automatic obstacle negotiation separately. The real robot is not sensitive to the

shapes of the obstacles or the arrangement or sequence of different obstacles in its

path. The only limiting factor is that the physical dimension of the obstacles need to

be such that the robot can negotiate the obstacles without violating its geometrical

and mechanical structure.

7.4 Summary

A series of experiments with real harware are completed in order to test the poly

nomials and the surface approximation techniqe. A hardware setup for SAO (Square

Array Organization) is built, and real surfaces are interpolated through the algorithm

developed here. The results axe qualitatively analyzed and show robustness on var

ious surfaces having different contours. 3-D interpolation is transported on R2M2

and successful turns are taJcen by R2M2 in approaching an obstacle properly. Also,

polynomials are used in guiding the robot automatically negotiate obstacle courses

with obstacles placed arbitrarily.
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CHAPTER 8

Graphical User Interface

A user interface for the viewing and organizing of data wcis developed as a part of

the package presented in this thesis. The purpose of this user interface was to make

the software and hardware more accessible to any user, even the ones not familiar with

the software or hardware packages used in the project. Simple viewing area enables

the user to view any three dimensional plot chosen to be viewed, and the control

panel on the side provides the user with a variety of options of choosing data types,

interpolation techniques, noise analysis, and other options of such sort. X-Windows

toolkit and the Motif utilities were used to design and realize the interface.

Telerobotic systems are also another area where user interfaces become impor

tant [36]. The mobile robot R2M2 has teleoperation capabilities. Therefore, a graph

ical user interface is built for easier access of an operator to the robot from the

computing system available in the laboratory.

The description of developing the user interface can be split into two areas in

which the majority of the efforts were expended. These are the Drawing Area for 3-D

mapping, and the Control Panel for making resources available. A brief discussion of

each is provided here.
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8.1 The Drawing Area

X-Windows utilities have the techniques available to a programmer to create

a drawing area and draw lines, points, and various sorts of curves on the two-

dimensional plane containing the drawing area. Therefore, viewing lines and points

is only a matter of patience in creating the proper widgets and sending commands

for drawing. The key to viewing 3-D surfaces lies in the transformation of 3-D data

available into 2-D data projected on a plane. In other words, the 3-D to 2-D map

ping is essentially the critical issue in viewing 3-D structures. The approach taken in

establishing the Drawing Area, therefore, is based on converting the 3-D data to an

isometric view of the structures on the 2-D plane. There could be other 3-D viewing

such as perspective viewing chosen. But the reason isometric views were chosen was

because the equations involved are fairly simple, and no perspective viewpoint needs

to be specified. And since the interest of this project is to understand 3-D surfaces,

a generalized isometric description is sufficient.

The user interface was planned to be a plane frame or box with the drawing area

along its left side and occupying most of the window. The control panel was designed

to be at the right side with the utility widgets. The equations that transform the 3-D

(x,2/,z) data into the 2-D {x,y) data are described here.

As described earlier, the mapping of the volumetric data was based on the iso

metric views of three dimensional objects. In order to understand these equations,

one must be aware of the fact that both the x and the y coordinates in the three di

mensional world is mapped into the {x,y) coordinates of the two dimensional world.
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Figure 8.1: The transformation of only one coordinate(in this case, the x coordinate)

of the 3-D world into the 2-D world.

Also, the depth, or the z coordinate, of the 3-D world is a combination of the actual z

parameter and the actual x and y parameters now mapped into the (x, y) coordinates

in the plane of drawing.

Figure 8.1 is useful to understand the mapping that takes place in the drawing

procedure. The mapping of only one coordinate can be discussed at first. The x

coordinate is considered in this case. The 3-D world coordinates are assumed to be

(x,y, x) , and the drawing coordinates are assumed to be (x,y). The viewing angle

is chosen to be 30° as it is commonly used in isometric viewing.
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Figure 8.1 shows that for an angle of 30°, the world coordinate x transforms into

X = x.cosSO° (8.1)

Consequently, the world coordinate x generates a y component on the drawing plane

as follows,

y = = x.sin30° (8.2)

Thus either the x or the y coordinate in the 3-D environment generates both x and

y coordinates on the drawing plane.

Now, if one looks at Figure 8.2, the transformation of both the x and the y

coordinates together becomes more comprehensible. The way the drawing plane is

spread out, the x coordinate on the drawing plane becomes a difference between the

contribution in the x direction by the world x and y coordinates. Also, the y value on

the plane becomes a summation of the contribution in the y direction by the world x

and y coordinates. The transform equations are as follows,

X = z.cos30° — y.cos30° (8.3)

y = x.sm30'' -|- y.sinSO° (8.4)

Also, the height in the world coordinate translates into a summation in the y

direction of the transform equations.

y = z.sm30° -|- ̂ .sm30° + z (8-5)

In the above discussion, the origin was not considered to be at (0,0) coordinates

on the drawing plane. But, the drawing plane has its own origin set up, and to
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Figure 8.2: An (x,y,0) point being mapped on the drawing plane as (x,y).



position the plots at the desired places, a simple translation in the coordinates is

required. Therefore, the equations become, with a translation of X and Y in the x

and y directions respectively,

a; = X-\-x.cos30°-y.cosSO" (8.6)

y = Y + x.sin30° + y.sin30° + z (8.7)

These are the equations that were implemented in the X-Windows drawing system

for plotting 3-D surfaces.

8.2 The Panel for Utilities

A control panel was built using Motif widgets for the several utilities available

in the software developed for this thesis. The panel provides the user with simple

pushbutton and scrolling choices along with drawing erasing and noise analysis capa

bilities. Also, the robot R2M2 was integrated with his interface to perform automatic

obstacle negotiation with the push of a button. In addition, the Square Array Orga-

nization(SAO) of the real hardware was also integrated with this interface.

The control panel is located along the right hand side of the interface XMir. The

top of the panel includes a scrolling window which has synthetic surfaces available to

the user. These synthetic surfaces include exponential, quadratic, planer, stair-step,

ditch, and several other surfaces. The user can simply scroll vertically along this list

of surfaces and choose one function by highlighting the name of the function. Figure

8.3 shows the control panel of XMir where the scrolled list can be seen at the very
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top.

To the bottom of the scrolled list, there are three pushbuttons providing selections

for the type of interpolation algorithm to be used. Obviously, in accordance with this

thesis, these buttons are labeled Lagrange, Linear, and Cubic Spline. The user can

click on any of these buttons in order to choose the basic interpolation type he or she

wants to explore. This is also illustrated in Figure 8.3.

The next set of buttons consists of a Draw button, a Clear or erase button, a Noise

Analysis button, and a Quit button(Figure 8.3). The Draw and the Clear buttons

respectively draws the original and interpolated chosen function approximated with

the selected algorithm basics. The Noise button provides the user with an option of

adding zero mean white gaussian noise to the input data to the system. And the Quit

button enables one to exit XMir at any time.

At the bottom of the panel, the real hardware controls are located. There are

three control options available in this section of the interface. One of the buttons

is for Initializing the ultrasonic range sensors regardless of whether they are located

on the SAO plane or on R2M2. The second button is for turning on or activating

all the sensors. When this Activate button is pushed, the range sensors start get

ting readings and send the distance measurements through the cooperation of the

RPC(Remote Procedure Call) server and client. The last button of the panel is one

to turn on Automatic Obstacle Negotiation capability of R2M2. The sensory data is

incorporated and the control signals are sent to R2M2 when this option is utilized

through the interface. When R2M2 is turned off, the normal functionality of the

interface returns.
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All of the control widgets were developed in Motif. Figure 8.3 is a diagram of

the entire control panel which takes care of both the surface interpolation and the

automatic obstacle negotiation.

8.3 Real Time graphical Controller for R2M2

The Robotic Research Mobile Manipulator(R2M2) system was originally a teleop-

erated system. There is a controller with R2M2 which has joysticks and switches to

control the tracks and various capabilities of the arm of the robot. This real controller

can be used for both the motion control and arm control of the mobile manipulator.

There was a graphical controller built for interfacing with R2M2 during earlier

research activities [35] [5]. That interface was developed using the Graphics Li-

brary(GL) utilities of the Unix system. But there was a significant delay in that

particular interface. Even after the graphical joysticks were activated, the robot

would not immediately respond to the commands. It would follow the commands

accordingly after a split second or two. However, this small delay in the updating

process of the GL is enough to cause reasonable discomfort for the teleoperator.

Consequently, a graphical controller named R2M2 was developed through X-

Windows utilities(Figure 8.4). This new controller has all the motion and axm control

capabilities of R2M2 as the previous one. However, this particular controller R2M2

has faster graphics updates and thus performs real time control operations for a

teleoperator. This additional graphical controller can be run in parallel with the au

tomatic capabilities added to R2M2 in order to earn benefits such as repositioning the
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Figure 8.4: The graphical controller "r2m2 " for the robot R2M2.

robot at any desired position in a teleoperated mode. Therefore, graphical controller

provides the user with transparency between the automatic and the teleoperation

modes of R2M2.

8.4 Summary

Graphical user interfaces are built in order to have the software easily available to

any user. The user, with the aid of a user interface, does not have to be aware of the

issues in running the options of the software package through a keyboard. Rather,

he or she can view a panel on the computer screen, press buttons, use scrollbars.



arrows, and other graphical utilities with the mouse clicks, and thus run the pro

gram appropriately. The user can also view surfaces with three dimensional isometric

wireframe structures and get visual representations of the results obtained. There

is also an interface built for the teleoperation capabilities of R2M2. This graphical

controller acts the same way as the real controller with joysticks provided with the

robotic subsystem.
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CHAPTER 9

Results Using Surface Interpolation

The major goal of this thesis was to approximate unknown surfaces by sampling

a few points on the surface using a ranging device. The interpolation technique is

developed in the scope of the project. The technique is tested extensively on known

surfaces. Basically, the developed technique was used to approximate surfaces which

are already defined by some function. The surfaces, both the known surface and

the interpolated surface, were plotted using the user interface XMir to visualize the

effectiveness of the approximation. Also, statistical error estimation techniques were

used in order to understand the quality of the approximation techniques. In addition,

the error estimation provided the opportunity to compare the basic polynomials in

the larger perspective of surface interpolation.

9.1 Plotting Surfaces

The home-brewed user interface XMir is used to plot the surface data available

to the system. The 3-D data is mapped into the 2-D viewing environment according

to the isometric representation of 3-D structures. A wireframe drawing approach is

taken in viewing the surfaces. The surface drawn at the left of the drawing area in

the interface is the original surface, and the one at the right is the approximated
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surface. This way, the user can look at the two surfaces and visually get a qualitative

feedback of the strength of the interpolation technique of this thesis.

For example, Figure 9.1 is a description of the way the surfaces are graphically

represented. The two surfaces at the left are the original exponential surfaces de

scribed by

2  (9.1)

The plots at the right of the screen, however, are the ones generated by approximating

the surfaces located towards their left sides using the different methods described in

this thesis.

9.2 Error Estimation

When data interpolation and surface approximation is the central thought of a

project, it is sometimes difficult to talk about errors in a broad sense. What is meant

by "a broad sense " is the fact that the error involved in the interpolated data depends

largely on how the original data is distributed with respect to the available data to the

interpolator. The same data set can be available to the interpolator for two different

surface structures if the sample points on both the surfaces happen to have the same

depth. Therefore, by using only limited additional information, the interpolator is

likely to approximate the same resulting surface for the two different original surfaces.

Considering this, the error estimations with the interpolation approaches become case

and application specific.

A statistical approach [37] [23] [38] [39]towards error estimation is taken to eval-
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Figure 9.1: An approximation result. The figures at left show original surfaces of

the exponential type. And the figures at right show the interpolated or approximated

surfaces after initially sampling only 9 points from the original surfaces as shown by

the dark dots. The top-right diagram is the result of a Lagrange polynomial based

interpolation, and the bottom-right surface is the Piecewise Linear based interpolation

of the respective surfaces at left.
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uate the results obtained for these experiments. Therefore, results are compared

between a set of points representing a set of coordinates on the original surface and

a set of points representing the same set of coordinates on the approximated surface.

The mean error and the standard deviation of the error are reported in this chapter.

The mean value for any statistical random variable x is defined as the Expectation

of X and is represented by Equation 9.2.

j-,( 1 a;o + xi + X2 + ... +E{x} = (9.2)
n

The variance is defined by the Expectation of x and the Expectation of x^ in the

following manner, and is expressed as cr^,

a' = E{x^}-{E{x}f (9.3)

The standard deviation is simply the square root of the variance and is expressed as

a.

In order to look at the error distribution in the generated surfaces, an array of

evenly spaced points along the rows and the columns were chosen, this distribution

of points is upto the user in the context of how many points need to be taken into

consideration. After the depth measurements on the coordinates chosen are taken

from both the original and the interpolated surfaces, the difference between those

two depths represent error at that particular coordinate. Afterwards, when all of

the points of interest are individually compared. Equations 9.2 and 9.3 are used to

report the error measurements.
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9.2.1 Testing on Synthetic Surfaces

An extensive set of qualitative and quantitative analyses was done using the interpo

lation techniques developed. Functions were assigned to generate a dome, an incline,

a stair-step, a ditch, and various other surfaces. Approximations were made on each

of these synthetic surfaces using all the three basic algorithms—Lagrange, Linear,

and Spline. The tests certainly prove robustness of the algorithms as they are incor

porated in this project.

Tables 9.1 through 9.5 show some error analyses of exponential, product, pla

nar, ditch and stair-step surfaces based on the three basic polynomials—Lagrange,

Linear, and Cubic Spline. By looking at the tables, it seems that Piecewise Linear

approximation yields the best approximation for completely unknown surfaces. But,

the performance of the Lagrange based technique is also comparable to the Piecewise

Linear based technique. Of the three compared, the Cubic spline results in the most

deviation from the actual surfaces. In addition, some figures illustrating those surface

approximations are seen in Figures 9.1 through 9.6.

9.2.2 Testing on real surfaces

Real surfaces were also tested using the hardware made according to the Square Array

structure. As it can be imagined, there are no excellent methods of measuring abso

lutely accurate distances of all the required coordinates of the real surfaces, a qual

itative, rather than a quantitative, perspective is explored with the tests performed

on real surfaces. The real surface approximations using ultrasonic range information
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Table 9.1: Error estimation for an exponential surface described by z = e .

Error Analysis for a Dome

Approximation Algorithm Error

Minimum Maximum Mean Std. Dev.

Lagrange -27.0% 48.0% 1.7% 5.7%

Piecewise Linear -15.5% 25.0% 0.2% 2.3%

Cubic Spline -32.7% 216.0% 3.4% 17.9%

Table 9.2: Error estimation for an product surface described by z = x x y.

Error Analysis for a Crooked Incline

Approximation Algorithm Error

Minimum Maximum Mean Std. Dev.

Lagrange -21.9% 47.0% 2.0% 11.1%

Piecewise Linear -17.0% 13.0% 0.3% 4.4%

Cubic Spline -14.8% 55.0% 2.5% 10.7%

Table 9.3: Error estimation for a plane described by z = const.

Error Analysis for a Plane

Approximation Algorithm Error

Minimum Maximum Mean Std. Dev.

Lagrange 0.0% 1.0% 0.1% 0.5%

Piecewise Linear 0.0% 0.0% 0.0% 0.0%

Cubic Spline 0.0% 0.0% 0.0% 0.0%
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Table 9.4: Error estimation for a ditch surface type.

Error Analysis for a Ditch Surface

Approximation Algorithm Error

Minimum Maximum Mean Std. Dev.

Lagrange 0.0% 203.0% 22.4% 63.2%

Piecewise Linear 0.0% 200.0% 22.2% 62.8%

Cubic Spline 0.0% 200.0% 11.1% 45.8%

Table 9.5: Error estimation of stair-step surface.

Error Analysis for a Stair-Step

Approximation Algorithm Error

MinimumM Maximum Mean Std. Dev.

Lagrange -31.2% 36.1% 0.3% 14.6%

Piecewise Linear -25.0% 33.0% -0.6% 13.7%

Cubic Spline -90.0% 65.0% -3.8% 21.6%
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Figure 9.2: Surface interpolation of an exponential surface using Cubic Spline based

approach(on top), and approximation based on Lagrange algorithm for a product sur

face.
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Figure 9.3: Product surface estimation by Piecewise Linear (top) and Cubic

Spline (bottom) algorithms.
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Figure 9.4: Approximating a ditch with Lagrange based algorithm at top, and with

Linear algorithm at bottom.
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Figure 9.5: Cubic Spline algorithm on a ditch function, and Lagrange on interpolation

on a stair-step.
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Figure 9.6: a stair-step function approximated by Linear and Cubic Spline algorithms.
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are shown in Figures 9.7 through 9.9. It is interesting to note that for some of these

interpolations, the Cubic Spline approach(especially for the surface where a board

was placed in front of a wall) resulted in a better qualitative approximation. As seen

in Figure 9.9, the Cubic Spline based approach nicely picked up the board in front of

the wall. In the interpolated surface, the board seems to occupy about three quarters

of the surface, which was indeed the case when the sensory plane was aimed at the

wall and the board.

Through this practical experiment, the versatility of a general surface interpolation

algorithm is once again expressed. The algorithm can thus be used for mapping the

environment or for 3-D unknown surface characterization. Also, since the algorithm

is computationally simple, applications in the real world are probable depending on

the need of the user.

9.3 Summary

The surface interpolation algorithm is extensively tested on synthetic surfaces. All

three different polynomial based approaches—the Lagrange approach, the Piecewise

Linear approach, and the Cubic Spline approach—are included in the quantitative

analyses. Qualitative analyses are also done by viewing the original and the inter

polated surfaces in three dimensions. Zero mean white gaussian noise of different

standard deviations are added to the input data in order to test the robustness and

effectiveness of the algorithm. Pictures of real surfaces and the 3-D representations

of their corresponding interpolated surfaces are also included here.
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Figure 9.7: Tht approximation of an edge using real range data using the Lagrange

and the linear interpolations.
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range data.
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CHAPTER 10

Concluding Remarks and Future Research

The surface interpolation algorithms developed in this project are successful in

approximating surfaces with mean errors of less than 22% and with typical standard

deviation of less than 15%. In some cases, however, as in the case of a ditch or a beam

surface, standard deviation went up to about 50% to 60%. These large standard devi

ations were there because there were abrupt changes in the surface contour more than

once, and the surface interpolation technique fit smooth surfaces through them. The

plots presented in this thesis clearly show that the interpolated surfaces can easily

be identified with their respective original surfaces. The algorithms, as discussed in

earlier chapters, are simple and less demanding in terms of computational necessities,

having all the calculations completed within the next data update instance, instances

which are only 100 milliseconds apart. Therefore, the goal for achieving simplicity in

surface approximation was reached. In addition, the interpolation techniques are ro

bust, since different kinds of surfaces with a variety of contours were interpolated with

typical error figures mentioned. The interpolation techniques were practical because

R2M2 was able to use the algorithm to center itself on obstacles successfully. Poly

nomials proved to be good interpolation methods since R2M2 was able to negotiate

obstacles using polynomials.

The user interfaces developed are useful in teleoperating R2M2. Also, surface plots
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can be achieved and viewed using the interface. One of the possibilities mentioned at

an earlier point in the thesis was that a teleoperator can operate the mobile robot,

but when he or she runs in front of some obstacle that the robot needs to negotiate,

the two dimensional camera view might not be enough for the operator to navigate

any longer. That means that the two dimensional camera view does not provide the

operator with depth information in order for the operator to make decisions about the

track adjustments. The operator can only anticipate the structure of the obstacles

and thus risks the possibility of an accident to happen. A simple push of a button

can put the robot in automatic obstacle negotiation mode. That way, the robot can

navigate on the uneven surface and when it gets back on level ground, the operator

can take control of the robot back. The user interface provides this capability also.

Therefore, a practical situation confronted by any user can be dealt with the results

of this study. Another goal of mobile robots like R2M2 is achieved in this manner.

10.1 Achievements

There were a few distinct accomplishments of this thesis project. These achieve

ments can be itemized as follows:

• Development of surface interpolation algorithms using polynomials, with rigor

ous statistical analysis,

• Evaluation and implementation of polynomial based reactive obstacle negotia

tion of a mobile robot, and
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• Development of graphical user interfaces for teleoperation of the mobile robot

R2M2 and for surface analysis and viewing in three dimensions.

It needs to be emphasized that the surface interpolation algorithms developed are

of a general technique that can be used for any range data input. Also, the application

of this algorithm need not be limited only in the area of robot navigation. The algo

rithms can be utilized in environment mapping, recognition, surface characterization,

and various such areais associated with 3-D data analysis.

10.2 Future Research Plans

The findings of this study can be used to explore various research interests in

the future. The hardware development of the Square Array Organization(SAO) can

be mounted on the mobile manipulator's arm and thus let the robot survey around,

incorporate the arm's coordinate information with the system, and finally find the

best path for the robot to navigate. Mobile robots can thus also be used for mapping

the environment. Areas involving range image processing, where a lot more than 9

data points are usually available, can be explored with polynomial fitting methods to

approximate the missing information. These are all future research issues. The goal of

mobile robotics at present time is certainly not to achieve complete automation, but

automating some tasks that are difficult for a remote teleoperator can undoubtedly

help mobile robotics reach a higher level of performance.
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10.3 Summary

The use of this surface interpolation techniques is dependent on the user's need.

Certainly, results obtained through this method developed are not the most accurate

compared to all the other surface fitting algorithms. But the basic idea behind this

algorithm was to work with severely insufficient data. When complicated interpo

lation cannot be performed due to the insufficiency of samples, or when the results

of interpolation need to be achieved within milliseconds, this particular algorithm

is reasonable to test. The interpolation algorithms derived in this thesis can also

be expanded by using a different kind of polynomial than any one used here if the

user chooses to do so. Therefore, flexibility is another advantage of this interpolation

technique. The application in mobile robotics was the area of interest for this the

sis, but any area requiring range data analysis can be explored through the surface

interpolation algorithm derived here.
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