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Abstract

A fully autonomous robot which can perform dangerous or mundane tasks
is the ideal outcome of robotic research. A variety of commercially available
household robots such as robotic vacuum cleaners exist but are limited in
their navigation ability. In general, they tend to use random search patterns
to navigate a room and overestimate the time required to clean the room in
order to ensure covering the entire area. The ability to map the environment
and then use this map to navigate is an essential step towards total autonomy;,
and would greatly improve the efficiency of these household robots.

Autonomous mapping is a complex problem as the robot must use sensor
readings to generate a map while at the same time using that map to locate
itself and navigate. One component of the mapping task is localisation. This
is the process of determining position and orientation from sensor data given
a known map. This was the focus of this work as a first-step towards an
autonomous mapping robot.

This project continued the work of an undergraduate thesis in which a robot
vacuum base was built. Using this base, the sensing and control systems
were developed. The selection of a suitable controller was an important
aspect of the development. It had to be suitable not only for this task
but allow for expansion of the control capabilities should the project be
extended. The Gumstix/Roboaudiostix embedded system was chosen and
performed successfully. Its extremely small size and low power requirements
are a feature of the system.

Another requirement was the control of the robot and sensor systems to pro-
vide data for the localisation algorithm. This included speed control and
odometry using optical encoders and an ultrasonic object sensing system.
These systems were successfully implemented and provided reliable data
which was sufficient for localisation under certain conditions. A method
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for reducing interference between ultrasonic transducers operating simulta-
neously was also investigated. This would be an advantage if more sensors
were added to the robot or if multiple robots were operating in the same
area.

The localisation software was a key component of the development. The
extended Kalman filter localisation algorithm was implemented offboard in
MATLAB for ease of testing and debugging but was intended for eventual
implementation on the Gumstix platform.

As a first test for the localisation algorithm, a full simulation of the robot
was developed. It simulated robot motion and sensor data and provided real-
istic data for the localisation algorithm. It also provided a way to determine
sensor and vehicle accuracy requirements for accurate localisation. The al-
gorithm performed well with simulated data and was therefore tested with
experimental data.

To test the localisation algorithm, the robot had to drive along a path taking
odometry and ultrasound readings with beacons in known positions, pro-
viding a map of the environment. The sensor data was stored and fed to
the algorithm once the test was complete to estimate the robot’s path. To
verify the results, the robot’s actual path was also recorded. This was ex-
tracted from video footage of the tests. A comparison of the localisation
output, the odometry data and the actual path was then made to measure
the performance of the algorithm.

It was successful in cases where correspondence was known, with the esti-
mated path closely matching the actual path. Correspondence is the process
of matching a sensor reading to a beacon. If an observation was manually
attributed to the correct beacon, the performance was excellent. If how-
ever, the correspondence was unknown and the algorithm had to estimate
which beacon was observed, the result was unsatisfactory. This was due
to large odometry errors during turning, causing a large orientation error
which resulted in incorrect data association between observations and the
stored map.The correspondence problem is well-known and much work has
been done in this field. Various recommendations such as adding additional
sensors were made for improving performance.

This work demonstrated that localisation of a robot in a known environment
using low-cost sensors is feasible. The extended Kalman filter was an ef-
fective method for the task if correspondence between observations and the
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known map could be determined. This has laid the foundation for future
development of a mapping capability on this system.

Recommended future work includes the implementation of the extended
Kalman filter localisation algorithm on the Gumstix embedded system fol-
lowed by simulation and implementation of a simultaneous localisation and
mapping algorithm,
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Chapter 1

Introduction

The idea of a robotic servant, taking care of mnndane household tasks has
lomg been presend in science fiction, Althuash ool quite al the stage of a
human-like, [elly autonoinons obot, capable of carrying oul a varely of
tasks. household robots are no longer a technology of the fature. With so-
phisticated contrallers and a variety of sensors, robots can carry out specific
tasks without human intervention.

Current. commercially available robot vacuum cleaners, while having many
desirabde features are Hrlited by their navigation ability, e ol the most
widespread produets is thie Roomba from IRobot [1].

Figure 1.1: IRebot’s Roomba Scheduler

Figure 1.1 above shows the Roomba, It 15 an antononons vacaum cleanar
which can detect, and avaid any obstacles in & room and cover e entire Qoor
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area, including many hard to reach places under furniture due to its compact
size. It can also clean near to walls, detect and pay extra attention to dirtier
areas and avoid stairs or sharp drop-offs.

Although this product has all the features necessary for the task, the navi-
gation system is not efficient. It uses a random search to cover the floor area
and in order to clean the entire floor, a point is covered an average of four
times [4, 5].

The ability to map the room would be an advantage as the cleaning path
would be much more efficient. For a robot, building a map of the environment
is not a trivial task and much research has been undertaken in this field.
An overview of environment mapping is provided in appendix A.3.2 with
further detail in section 2.4 on page 9. Even localisation, using a given map
and available sensor information to determine position, is a fairly complex
procedure although this problem is well-understood. See appendix A.3.1 for
further information. This project focused on this localisation task as a first-
step towards the eventual goal of an autonomous robot which can both map
the room and use this map to navigate.

The development of this system was begun at the University of Cape Town’s
Mechanical Engineering Department as an undergraduate thesis by Philip
Young [6]. In his project, a robotic vacuum base was designed but the con-
trol aspects were not completed. This project continued the development,
using the existing design for the mechanical components. These included
the chassis, vacuuming and drive systems and the power supply. The origi-
nal project did include collision sensors but these were removed and a new
sensing and control system developed.

The objectives of this work included selecting and implementing a suitable
controller for the robot. This had to be sophisticated enough to not only
perform the currently required tasks but also had to be extendable for fu-
ture mapping and navigation tasks. A Gumstix embedded computer [3] and
microcontroller combination provided this platform and although the initial
implementation was complex, the powerful capabilities of this system provide
a solid foundation for future upgrades and continuation of this work. The
selection process is outlined in appendix B.

The sensor system also had to be developed. This system consisted of ultra-
sound transducers and optical encoders measuring wheel-speed. Although
not implemented on the final system, a method of avoiding interference be-

CHAPTER 1. INTRODUCTION 2
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tween ultrasound transducers was investigated. This is outlined in appendix

G.

To provide a working system to test the localisation software, much circuitry
and embedded software had to be developed. Speed control had to be im-
plemented to provide odometry data to the localisation algorithm and the
support circuitry and software for the ultrasound transducers had to be de-
signed, implemented and calibrated. As many of the robot processes had to
take place in real-time, timing was critical in the design of the microcontroller
software.

Another component of the work was simulation of the system in order to
test the localisation algorithm and determine sensor and vehicle accuracy
requirements. This included developing a realistic model of the robot motion
and sensor data in which parameters could be varied and the effect on the
system determined. Although intended to eventually run on the robot’s
onboard controller, the localisation algorithm itself was implemented on an
oftboard PC in MATLAB to test and calibrate the software in a user-friendly
environment. This algorithm was initially tested with the simulation data,
and later with actual robot test data which was stored onboard and then
processed in MATLAB.

The final objective was to process the test results, and so determine any
hardware requirements required for an effective localisation system.

This report begins with background theory on the localisation and mapping
process followed by a discussion of work done at the Australian Centre for
Field Robotics (ACFR). This work includes the implementation of an acous-
tic tracker on an autonomous vehicle which utilised the Gumstix system and
acted as an ideal base for testing the controller. Courses in mapping and
navigation taken at the ACFR also lead to the utilisation of the localisation
algorithm implemented in this work. Further sections describe the hardware
used in the system, an overview of the software including both the embedded
and simulation software, followed by the simulation itself and testing. Re-
sults are then discussed, conclusions drawn and recommendations made. A
set of appendices provides greater detail on the various aspects of the project.

CHAPTER 1. INTRODUCTION 3



Chapter 2

Background Theory

2.1 Simultaneous Localisation and Mapping

The goal of this project was to provide the localisation capability of the robot
as a foundation for building a mapping capability in the future.

Localisation and mapping were traditionally viewed as separate problems.
Localisation is determining the robot pose (position and orientation) given
perfect knowledge of a map of the surroundings and sensor information, and
mapping is building up a map given robot pose. It is however almost im-
possible to know the robot pose accurately enough from odometry data and
vehicle models so errors tend to grow without bound [2]{P.200 Chapter 14].
This makes mapping a difficult problem. Another added complication was
that localisation and mapping would have to be done at the same time if
truly autonomous robots were ever to explore unknown environments. For-
tunately, it was found that the localisation and mapping problems didn’t have
to be treated separately. In fact, there is a convergent solution when the pro-
cesses are combined and so they must not be performed independently. This
was a major breakthrough in autonomous robotics research and has lead to
many improvements in navigation and mapping ability. The outcome was a
procedure known as SLAM (simultaneous localisation and mapping) [7](8](9].
SLAM is a very powerful technique although there are still many challenges
to be faced such as the data association problem outlined in section 2.5.

At the heart of localisation and SLAM is the Kalman filter and a basic
knowledge of this and other probabilistic techniques is required to understand
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the process [10].

2.2 Kalman Filter

The Kalman filter (introduced by R.E. Kalman in 1960 [11]) is a recursive
filter which is used to estimate the state of a system from a process model and
measurement data. It is used in many applications including radar tracking
and satellite navigation (a notable example is the Voyager spacecraft orbit
determination at Jupiter [12]) and is widely used in robotic navigation and
mapping. Because the filter is recursive, it requires only the information from
the previous time-step and does not require all past states to be stored. The
total information from all these states is incorporated in the current value
for the state.

The following sections describe the details of the linear and extended Kalman
filters. This is a summary of information from a number of sources. Further

details can be found in [13][14][10][8].

2.2.1 Linear Kalman Filter

The linear Kalman filter requires a system which can be described by a
discrete-time, linear equation of the form

X (k) = F(k)X (k — 1) + B(k)u(k) + G(k)v(k) (2.1)

where X (k) is the system state at time k, X (k—1) is the state at the previous
timestep, u(k) is the control input and wv(k) is the Gaussian process noise.
F(k), B(k) and G(k) are the state, control and noise transition matrices
respectively.

The observation equation is also a linear equation of the form

2(k) = H(k)X (k) + w(k) (2.2)

where X (k) is the state at time k, H(k) is the observation model and w(k)
is the Gaussian observation noise.

The state of the filter at time & consists of the system state estimate X (k)
and the error covariance matrix P(k). P(k) is a measure of the accuracy of
the estimate.

CHAPTER 2. BACKGROUND THEORY 5
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The Kalman filter is comprised of two phases, the prediction and the up-
date. In the prediction phase, the current system state is predicted using
the process model, F(k) and control inputs. The input for this prediction is
the estimate of the state at the previous time-step. The covariance, P(k) is
also predicted. During the update stage, measurement information is used to
improve these predictions, forming the new state and covariance estimates.

Prediction Stage

The state and covariance predictions are calculated from the state and co-
variance estimates at the previous timestep.

~

X(k|(k—1) = F(k)X(k — 1]k — 1) + B(k)u(k) (2.3)

P(klk — 1) = F(k)P{k — 1|k — 1)F(k)" + Q(k) (2.4)

where Q(k) is the covariance of the process noise distribution.
Update Stage

The innovation is the difference between the actual measurement and the
expected measurement based on the predicted state. It is calculated from

j=z(k) — H(k)X (klk —1) (2.5)
The innovation covariance is calculated from

S(k) = H(k)P(klk — )H (k)T + R(k) (2.6)

where R(k) is the covariance of the measurement noise distribution.

The Kalman gain is calculated from

K(k) = P(klk — YH (k)T S(k)™* (2.7)

The state estimate and the covariance are then updated

CHAPTER 2. BACKGROUND THEORY 6
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X(klk) = X (klk — 1) + K(k)§(k) (2.8)

P(klk) = (I — K(k)H(k))P(k|k — 1) (2.9)

2.2.2 Non-Linear Filter (Extended Kalman Filter)

In many cases, the process and observation models for the state to be esti-
mated are not linear and so the Kalman filter shown above can not be applied.
For non-linear problems, the extended Kalman filter is used. This has the
same form as the linear filter except that the process and observation models
are linearised around the current state. The extended Kalman filter solves
the problem of non-linear processes but is particularly sensitive to initial
conditions and errors in the process and observation models. Computational
cost is also increased considerably.

In the extended Kalman filter, the process model is a non-linear function of
the state

X(k)= f(X(k—-1),ulk), k) +v(k) (2.10)

where X (k) is the system state at time k, X (k—1) is the state at the previous
timestep, u(k) is the control input and v(k) is the Gaussian process noise.
f(k), is a non-linear function which transforms the previous state and control
input to the current state.

The observation model is also non-linear

2(k) = R(X (k) + w(k) (2.11)

where A is a function which maps the state to the observations and w is
measurement noise.

The functions, f and h can be used to calculate the predicted state and pre-
dicted measurement as in the linear filter. They however, cannot be directly
applied in the covariance calculations. Instead, the Jacobians (7fx,hx) of
f and h are used. This effectively linearises the functions around the current
estimate

CHAPTER 2. BACKGROUND THEORY 7
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The same procedure as the linear filter is followed with the Jacobians replac-
ing the transition functions in the covariance calculations,

Prediction Stage

X(klk—1) = F(X(k -1}k — 1), u(k)) (2.12)
P(klk — 1) = fx (k) P(k — 1|k — D)Uf% (k) + Q(k) (2.13)
Update Stage
7 = 2(k) = Vhx (k)X (k[k — 1) (2.14)
S(k) = hx (k)P(klk — 1ysvh% (k) + R(k) (2.15)
K(k) = P(klk — 1)ph% (k)S(k)™! (2.16)
X (klk) = X (klk — 1) + K (k)F(k) (2.17)
P(k|k) = (I — K(k)Vhx(k))P(klk 1) (2.18)

2.3 Kalman Filter Localisation

A localisation simulation was conducted to demonstrate the effectiveness of
the Kalman filter and to test the system’s respouse to various parameters. To
use the Kalman filter for robot localisation given a known map, the system
state is a vector which describes the robot pose (position and orientation).
There is a known map of beacons which is a vector of their z and vy co-
ordinates. Observations are made of these beacons and they will depend on
the sensor used, commonly range and bearing,.

CHAPTER 2. BACKGROUND THEORY 8
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2.3.1 Process Model

A process model of the robot motion is required. For this robot, the process
model for the robot from state X (k — 1) to X (k) given information up to
k — 1 and under control inputs, V;, and Vg is

Z(k|k — 1) #(k — 1|k — 1) — LAT(Vi(k) + Va(k)) sin 6(k — 1)
g(klk — 1) | = |9(k — 1k — 1) + SAT(Vi(k) + Vgr(k)) cos8(k — 1)
O(klk —1) Ok — 1|k — 1) + YeZY2 AT

(2.19)

The derivation of this model is detailed in appendix F on page F-1. The
vehicle model is illustrated in figure 2.1 and the symbols used can be found
in table 2.1.

X State Vector

T z Position of Centroid
Yy

g

y Position of Centroid
Orientation Angle

Vi Left Wheel Rotational Velocity

Vi Right Wheel Rotation Velocity

B Distance between Left and Right Wheels
AT Change in Time

Table 2.1: List of Symbols
Assumptions

® Zero wheel slip
e For small angles arctan(z) = z

e Independent movement of left and right wheels over small timesteps

2.4 SLAM Solution

SLAM can be thought of as an extension of Kalman filter localisation. In
this case however, the map is not known beforehand. Instead the map is in-
cluded in the state vector and therefore is estimated in the same way as the

CHAPTER 2. BACKGROUND THEORY 9
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robot pose. The state vector therefore grows as landmarks are detected and
included in the map. As these landmarks are re-observed, the uncertainty
of their positions decreases and in the limit, the map converges to a relative
representation of the actual environment, with some constant error deter-
mined by the initialisation error. The entire map can therefore be perfectly
known as soon as the position of one of the landmarks is perfectly known.

The robot performs localisation exactly as in the Kalman filter method, but
instead of having a stored map of beacons, it uses the changing map of
landmarks. As time progresses, the estimate for the map becomes more
certain and the localisation estimates also improve.

2.5 Correspondence

One of the most difficult components of localisation and SLAM is correspon-
dence (also known as data association). This is the process of determining
whether an observation corresponds to a stored landmark or whether it is a
new landmark. This is a complex problem especially when the robot “closes
the loop” (returns to a previously visited location). It is also important for
the algorithms to ignore spurious readings and an incorrect association or the
incorporation of a false landmark in SLAM can have a catastrophic effect on
performance [9][14].

There are a number of methods used to address this problem and much re-
search has been conducted in this area [15][16](8]. A standard method and the
one utilised in this work is the maximum likelihood correspondence, which
determines which is the most likely association and assumes this value. This
method however can break down if there are many hypotheses which may
be equally likely. A solution to this is to select beacons that are distinctive
and sufficiently far apart from each other to avoid confusion. This however
means that pose errors can grow quickly in the large areas between beacons
where no sensor observations are incorporated into the estimate [10][P.215,
Chapter 7][17]. Another solution is using multiple sensors to measure dif-
ferent properties of the beacons making it easier to distinguish them from
each other [16] or to track multiple hypotheses but this requires considerable
computational power [17].

CHAPTER 2. BACKGROUND THEORY 11



Chapter 3

Tracker Implementation

3.1 Introduction

This chapter discusses work done during the two and a half months spent as
an occupational trainee at the Australian Centre for Field Robotics (ACFR)
at the University of Sydney in 2007. This consisted of the implementation of
a combined infrared and acoustic beacon tracker on an autonomous vehicle.
Course work in mapping and navigation undertaken at the ACFR also lead to
the implementation of the Kalman filter localisation algorithm in the vacuum
cleaning robot project.

3.2 Project Overview

The aim of this work was to develop a low-cost vehicle which could track and
follow a person carrying a beacon at a given distance. A combined infrared
and acoustic tracker was designed for this task at the Australian Centre for
Field Robotics [1]. My contribution to this project was the implementation
on an autonomous vehicle. The following sections summarise the operation
of the tracker and the implementation and testing of the vehicle system. A
detailed account of the work can be found in the paper “Combined Infrared
and Acoustic Beacon Tracker Implementation on an Autonomous Vehicle”
which was presented at the 2nd International Conference on Sensing Tech-
nology in 2007. A copy of the paper is included in appendix H.

12
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3.3 Tracker Operation

The tracker conzists of a sensor mennted on the vehicle and a beacon carried
by the aperator. The beacon transmits a pulse of infraved Yight and then a
birst of ulleasonnd, The receiver detects Lhese signals and the vange 1o he
bearom 15 delermined by tle diflerence in arcival Lime of the infrared and
altrasomie sipgnals. 1t 35 assumed thar the lipht arrives instantaneously so the
tine of flight 12 measured from this instant untdl the nltrasound is detected.
This iz illustrated in fignre 3.1.

[ e o
. Beacon y) _T\\E‘x; IR Pulsa \/ Receiver
i

\I "gl Acoustic
| | Puise

[

SF

wpuse (11 s
Arousic Pulse Wﬂﬂf | : f '*L WﬂﬂJ

Transn“it'ﬁn":e Recaive Time

Figure 31 Diagram Showimpg Range Measnrement Techntgne [1]

I'wo metliads are nsed tn detenmine the angle of the beacon. The fikst uses
the infrared signal, There are two infrared receivers au the sensor which can
detiecl the pulse. They are separated by an opaglle barrier so if both are
illuminated. the beacon 1s straight ahead while 1F only aue is illnminated, the
beacon lies i that direction. Il neither is illuminated, the velicle wonld have
to rotate witil a signal 18 lmmd. This method has clear lmitations in that
the size of the angle error s nol deternined and therelore, only bang-bang
comtrol can bie implemented.

The second method nses the ultrasonic recelvers and can provide a more
accnrate measure of the angle, The reeeivers are angled slightly away from
each other. Tlis means that if the heacon is at an angle. the amplitude of
the received signal at ene trangducer will be greaver than at the ather, Only
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i[ the bieacon is divectly in front of the receiver, will the signals be egnal. The
difference between Lhe two signals 1% therelore tised 1o calailate the angle of
the beacon. Figure 3.2 shows this error signal as the angle of the beacon
vaTies. 'There is A fawrly Tinear region between £20° which ean be nused for
proportionsl control

0

I I
(i peoamsrams Kemesienes :
Qifiseee— P :
O (SURUUN (SRR

Eiror Signal fvolte)

O T T T I ]

Aagia off Boresight {deg)
Figure 3.2; Angle leror Travsler Function 1]

The senzor implementation is discussed in [1]. The following signals are
provided by the sensor 1o the controller, Thers are two infrared signals, one
from each receiver and also a signal from cach of the Wtrasonic transducers,
There is a clock signal when valid data is present, Tlos data is valid if at
least one infrared signal and the ultrasomic signal is present, There is also an
analogue voltage which 75 propertional to the range to the heacon.

CHATTER 3. TRACKER IMPLEMENTATION 14



University of Cape Town Mechanical Engineering

3.4 Controller

The Gumstix/Roboaudiostix system was used in this work which served as an
ideal test platform for this controller. Although only the Roboaudiostix was
used on the vehicle, the Gumstix was used to program it and therefore the
entire system had to be correctly set up and was tested in this application.

3.4.1 Gumstix/Roboaudiostix System

The selection of a suitable control system for the vacuum cleaning robot
was a large part of this project. This same system was used to control the
tracker vehicle to test its operation. The combination of a Gumstix embedded
computer and Roboaudiostix microcontroller was chosen. The Roboaudiostix
runs the low-level software while the Gumstix is used to program it and can
perform high-level tasks. This combination allows for the the system to be
extended and upgraded in the future while still allowing low-level behaviour

to be programmed quickly and reliably. The decision is outlined in appendix
B.

3.5 Vehicle

The tracker was mounted onto a radio-controlled vehicle. This can be seen
in figure 3.3 below. The Roboaudiostix board is also shown as well as an
opto-isolation board. This configuration was used to control the vehicle in
a similar setup to that of the vacuum cleaning robot shown in figure 4.1 on
page 20.

3.6 Control Algorithm

3.6.1 Valid Data Determination

The first task in controlling the vehicle was to determine whether the signals
received from the sensor were valid. The valid data clock had to be read and
interpretted by the microcontroller. This was done by feeding the signal to
an external interrupt pin. An 8-bit timer was used in conjunction with the
interrupt to determine whether the signal was present. If it was absent, the
sensor data was ignored and appropriate behaviour initiated.

CHAPTER 3. TRACKER IMPLEMENTATION 15
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Fignre 3.3 Tracker one Rohatic Vehicle with Raboandicstix and Opro-
isolation Board [1]

3.6.2 Tracking Algorithm

The tracking alzarithm comsiats of two parts, the range control and steering
angle corol, Dol parameters are comtrolled nsing proportiomal control.
The range vollage reading 15 digitised by the analogue to digital converter
and nsed an the following couation to calenlate the whoel speed,

R = I{'I [ .{;;'ur.l_n:;r-' == I":ﬂrf] LP-"]- ]

whoere i s the speed of the wheels, A is a constanl, V... is the range
vodtage and V. 15 the range set-paoint.

The ohjcetive of the stecring tracking algonthm was to keep the boicon in
tha centra hetween the tvwo nrasomnd transdneers. When ot s 10 the centre,
the two signals are egual. The offset error was estimated and normalised
nsing the lefl and right recetver voltages according 1o the equation,
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Viest — Veight
NAz = Ko T9% 3.2
z%eft + Vright ( )

where AAz is the normalised angle error, K, is a constant, Vies is the left
receiver signal and Vg is the right receiver signal. The normalisation is
required to provide accurate steering control independent of the amplitude
of the received signals.

The amplitude of the received signals is also considered to avoid amplification
of noise which would cause errors at low signal levels. Therefore, if the
received signal is below a threshold, this data is ignored. A small dead-band
was introduced to prevent oscillation about the centre-point.

3.7 Results

3.7.1 Noise and Multipath

Initial testing of the system showed noise present on the ultrasound signals.
This was eliminated using a digital low-pass filter. Averaging the signals
resulted in smooth steering behaviour. A number of possible sources of the
noise were identified. These included interference from the servo motors,
digital noise from the sensor circuitry and environmental noise.

During testing, the vehicle would oeccasionally track a false target. This was
found to be due to multipath errors caused by the cluttered environment.
The fact that the vehicle stopped tracking the false target as soon as the
beacon was switched off proved that it was in fact tracking a reflection.

3.7.2 Control Algorithm

The proportional control used for both the steering and range parameters was
sufficient for this system. A more complex control algorithm was unnecessary
due to the considerable damping added by the mechanical components of the
system.

There was however some overshoot at maximuim speed if the beacon came to a
sudden stop. If high vehicle speed and sudden changes in speed were required,
a PI or PID controller could be implemented to solve this problem. This

CHAPTER 3. TRACKER IMPLEMENTATION 17
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would however come at a higher computational cost and was not necessary
for this particular application.

3.8 Concluding Remarks

The implementation of the tracker on the vehicle was successful. The vehi-
cle was capable of following a fast moving person which demonstrated the
accuracy of the sensor. This work also served as a testbed for the Gum-
stix/Roboaudiostix control system which proved to be a suitable controller
for the robot vacuum cleaner system. The microcontroller was able to drive
servo motors and perform control actions in real-time which is similar to the
tasks it would need to perform on the robot vacuum.

Microcontroller code for motor control, external interrupt and timer opera-
tion was written which was later used in the robot vacuum cleaner system.
Testing this software on the tracker system was an excellent introduction to
the hardware and a good way to test the controller in isolation from the rest
of the system. The software routines developed in this work considerably
sped up the development of the robot vacuum software.

The information obtained through coursework in mapping and navigation
led to the imnplementation of the EKF localisation algorithm in the vacuum
cleaning system as a first step towards eventual autonomous mapping and
navigation. An overview of this system and the results obtained are discussed
in the following chapters.

CHAPTER 3. TRACKER IMPLEMENTATION 18



Chapter 4

System Overview

This chapter describes the robot vacuum cleaner system including hardware
and software components and their interactions. Since the focus of this
project was the implementation of a localisation algorithm and the design of
the sensing and control system of the robot, the mechanical aspects of the
existing platform were not greatly modified in this work.

Figure 4.1 on the next page shows a breakdown of the entire system including
both onbeard and offboard components.

Figure 4.2 shows the robot with the placement of the various components
indicated. These components are described in the following sections

4.1 Hardware

4.1.1 Robot Platform

The original robot base [6] consisted of a perspex chassis, two rear driven
wheels, a front caster and a brush and fan cleaning mechanism. The drive
system consisted of a motor directly coupled to each wheel driven by a
LMD18200 H-bridge chip [18]. The original sensors and control circuits were
removed and replaced.
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Figure 420 Vacuumn Cleaning Robot
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4.1.2 Controller

I'he contreller consisted of a Gumsiix, a Roboaudiostix and a NethIMC
board contained m & proteclive housing, The (Guonstix was used [or hich-
level Lasks, the Roboandiostix [or Iow-level tasks while the NotMAC was
used for communication with the offboard computer. This was necessary for
the prototype but would be removed in the fnal system

Figure 4.3 shows the controller. s extremely amall size is a notable feature
considering the available computational power.

Figure 4.3: Comroller Mounied in Housing

4.1.3 Sensors and Circuitry

The object sepsors were Murata 40kHz ulirasonie transdueers |19 monnted
ou Lhe root af Lhe robot. Separale transducers were used for fransmitting
and recelving, The transmitter civenid. deseribed in appendix B consisted of
a dkHz oscillator controlled by the microcomtroller. The receiver circuitry
included an amplifer, rectifior and comparator, Details of its operation are
described in appendix E. The output of this cirenit was {ed wo the microcon-
troller which determined the time-of-flight of the received signal,

The H-bridge chips soere doven by the microcongroller through an opto-
isolation board.  Wheel speeds woere measnred by H21ALD phototransistor
optical interrupler switches [20] in conjunction witls slotted disk encoders
attached to each wheel.
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4.1.4 Power

The power supply was fairly complex due to the different voltage reguire-
ments of the comtroller and support cireuitry and the need to isolate the
simsitive cirenitry from the motors. Figore 4.4 shows a schematic of the
power distribution system. bor convenience, in this prototype, a tether was
used to supply power to the robot,

A METOR GND

Figure 3:4: Bower Supply Schematic

4.1,5 Offboard Computer

The sys<tem alsoincluded a PC runming MATLADB which was used to simulate
the robot and chen to process test data and eotnpare 16 to the sinodation.
This processing is intended to eventually oeenr on the Gumstix embedded
computer but for simplicity during testing, the oflboard computer was more
suitahble.

4.2 LEmbedded Softwarc

A the low-lesvel controller, the Boboandiostiz was responsible lor driviog the
riohot and cperating the sensors, Driving the robot consisted of providing a
pulse width modnlation (PWH,M) signal to each H-lridge. reading and inter-
pretting the wheel encoder signals and executing a control loop to maintain
the viven speed. Phe PWA signals used a 16-bit tiner unit will a dedicatod
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PWM module [21]. Obtaining the wheel speeds from the encoders also re-
quired a timer unit (8-bit) and utilised two external interrupt pins into which
the encoder outputs were fed. Detail of this is provided in appendix D.

The ultrasonic system required the microcontroller to both initiate the chirp
and detect the response. A further 8-bit timer module was used to measure
the time between the transmission and the received return signal. An external
interrupt was used to detect this return pulse and software rejection of false
triggers was included.

Because the speed and ultrasonic data had to be recorded at specific fixed
intervals in order to be used by the localisation algorithm, another 16-bit
timer module was utilised. This timer overflow value determined the time-
step length and caused an interrupt when this time had passed. At each
time-step, the speed, direction, ultrasound reading and a time-stamp were
recorded to a circular buffer. This buffer was then read by the Gumstix at
regular intervals and the data written to a file to later be processed offboard.

Communication between the Roboaudiostix and the Gumstix used the I?C
communication protocol. This allowed the Gumstix to send speed and direc-
tion information to the Roboaudiostix and for the Roboaudiostix to transfer
stored data back to the Gumstix. The communication method and code is
discussed in appendix C.

The system was designed so that the Gumstix could perform high-level tasks
such as localisation and mapping although in this work, the complex opera-
tions were performed oftboard to test the performance and feasibility of the
system. The Gumstix did however play a role in this system. Firstly, it was
used to program the Roboaudiostix microcontroller using I°C. Secondly, it
communicated with the Roboaudiostix during operation, periodically read-
ing the data storage buffer, writing it to file and providing the robot with
the required speed values. The reliability and ease of use of the Gumstix sys-
tem was demonstrated and indicated the suitability of the system for future
development.

4.3 Simulation Software

A large part of this project involved developing a simulation of the sys-
tem to test the algorithms and develop specifications. This simulation was
performed in MATLAB. An implementation of the Extended Kalman filter
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localisation algorithm was also written in MATLAB and run on an offboard
PC. This was done to test the algorithm in an easy-to-use environment before
implementation on the embedded system. Details of the computer modelling
are discussed in the following chapter.
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Chapter 5

Computer Modelling

5.1 Introduction

X Robot State Vector

EKF Extended Kalman Filter

€gim Simulation Error

€ekf Estimated Error used by EKF

z Sensor Measurement

P State Error Covariance Matrix

R Measurement Noise Covariance Matrix
Q Process Noise Covariance Matrix
0

¢

Orientation Angle
Bearing to Observation

Table 5.1: List of Symbols

A computer model of the robot and its environment was developed to test
the operation of the localisation algorithm and the effect of various system
parameters on ifs performance. It was desirable that the localisation algo-
rithm could be tested on simulated robot motion and sensor data as well
as on data from actual tests. Therefore, the localisation algorithm was de-
veloped as an isolated unit which required robot odometry and sensor data
as an input. This data could come from physical tests or from a computer
simulation. The computer simulation was developed initially to test the lo-
calisation algorithm. A further requirement was to determine the required
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specilicalions for e robot sensors and driving accuracy 1o pusute successtul

localisaron with the extended Kalman filter algorith,

The slructure of Lhe computer model is shown in the block diagram, lioure

5.1.

CoOnEUTER MODEL
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Figure 5.1; Computer Model Block Thagram

The localisation alzgorithm and the robot simulation share soone basic system

paranelers which are imtialized at the start of the compuler model,
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5.2 Initialisation

The first part of the computer model consists of initialising the parameters
which define the environment. The system is modelled by dividing the total
time into small timesteps and calculating the system parameters at each step.
This is done in both the robot simulation and the EKF localisation so the
timestep length and total number of timesteps are initialised at the start of
the model,

There is a known map of the environment which contains the z and y co-

ordinates of beacons which can be detected by the sensors and used to correct
z

the robot position. The robot itself has a state, X, {y| which consists of
6

the z and y co-ordinates and orientation angle, §. This is set to a known

initial value which is used in both the simulation, odometry model and EKF

algorithm which are described below.

5.3 Error Modelling

An important component of both the system simulation and the EKF al-
gorithm is the addition of various error terms. There is error used in the
simulation to create a realistic path and sensor data. This will be referred to
as €4m and consists of both the vehicle pose error as well as the sensor error.
There is also error used in the EKF algorithm which is used in the covariance
matrices and is the estimated error in the system. This will be referred to
as €cf. The difference between these error terms and their relationship is
described below.

Firstly, there is error in any model of a real-world system so in order to cre-
ate a realistic model of a robot moving in an environment, this error has to
be included. The simulation of the robot uses a vehicle process model (Ap-
pendix F on page F-1) to determine the robot path based on wheel velocities.
This however would never be entirely accurate due to wheel slip, inaccura-
cies in the velocity values and assumptions and approximations made in the
process model. To compensate for this and create a more realistic path, an
error term, €y, 1s added to the vehicle centroid at each timestep. This error
is a random Gaussian error with a specified standard deviation which would
be determined from testing.
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The fact that there is error in modelling systems plays a key role in the EKF
and it is therefore important to quantify this error. In a real-world system,
the various errors would be measured as far as possible and an estimate for
the standard deviations, e.s, would be used in the EKF. The closer these
values are to the actual error, the better the performance of the filter. This
is demonstrated by the results in section 5.8 on page 34.

In an ideal system, €.y would be equal to the actual error in the system.
Of course, in a simulated system, the error is fully known because it is spec-
ified and used to create the simulated data. It would therefore seem that
€ers should be set equal to €. This however would give the EKF better
performance than could realistically be expected as this value could never be
accurately known. ey and €, were therefore separated in the code so that
the affect of differing these values could be tested.

5.4 Simulation

A simulation of the robot moving in the environment and gathering sensor
data was performed to provide realistic data for the EKF and to test its
performance. The simulation requires the wheel velocities which would be
applied to the wheels at each timestep. This is specified in the computer
model but in reality would be the odometry data from the wheel encoders.

5.4.1 Path Simulation

The simulation begins with the robot at the initial position. At each timestep
the new state vector is calculated using the velocity information. The process
model (appendix F on page F-1) is used to calculate the new state. An
error is then added to this state to simulate wheel slip and errors caused
by odometry inaccuracies. The position and orientation at each timestep is
stored to create the simulated robot path.

5.4.2 Sensor Simulation

This simulated path is used to simulate the sensor readings. At each timestep
it must be determined whether the robot can see a beacon with the given
sensor specifications. If there is more than one beacon visible, the sensor
data will be that of the closest beacon. As the robot currently only has one
ultrasonic sensor, only one beacon is seen at a time, but this could easily be
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extended if further sensors were added.
Determining the Visible Beacons

In order to determine whether a beacon is in sensor range, the maximum
range and field of view of the sensor are specified. This creates an arc within
which a beacon can be seen, referred to here as the visibility envelope. To
determine whether the beacon falls into this arc, the beacon position must be
related to the robot position. This is done by subtracting the robot centroid
from the beacon co-ordinates and then rotating it about the origin by —86.
This effectively places the robot centroid at the origin with an orientation
angle of zero which simplifies the calculation of the visibility envelope. The
range and bearing of the beacon with respect to the origin are then deter-
mined. If these fall within the specifications of the sensor, the beacon is
visible to the robot and the co-ordinates of the beacon are passed back to
the simulation.

The procedure for determining if a beacon is visible is illustrated in the
following diagrams.

Figure 5.2(a) shows the robot and beacons in their initial position. The
beacon labelled B is in the robot’s field of view. Figure 5.2(b) shows the
robot and beacons after the centroid has been subtracted, placing the robot
at the origin. It can be seen that the beacon positions relative to the robot
have not been altered. Finally, figure 5.2(c) shows the beacons and robot
after the rotation has been performed. This sets # to zero, aligning the robot
with the co-ordinate frame to simplify calculations. The beacon positions
relative to the robot are still unchanged.

Determining Sensor Data

Once it has been determined that a beacon is visible to the robot during a

. : . T . . .
particular timestep, a sensor reading, z = [ } is created. This consists of a

¢

range, 7, and bearing, ¢, to the target beacon. Gaussian errors, erroryange
and errorye.ring are added to each of these values to simulate sensor inaccu-
racies. The range and bearing are therefore determined by
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Figure 6.6: Ultrasound Calibration

The robot could detect a rectangular target with an area of 0.075m? at a
range of 1.2m with a probability of detection of 86% and at 1.5m with a
probability of detection of 20%.

Another test considered ultrasonic readings as the robot moved. The sensor
readings were recorded as the robot approached a target. Figure 6.7 shows a
graph of this result. Initially the target was not visible but after some time,
the target was observed. The distance to the target then decreased with time
as expected before remaining constant once the robot had come to a stop.

Figure 6.8 shows the result of a similar test with two beacons. The robot
approached the first beacon and then turned away before approaching the
second beacon. The result is as expected with no targets visible initially.
Sample 22 shows the first sighting of the first beacon, followed by a decreasing
range as the robot moved closer to the beacon. It then lost sight of the first
beacon until sample 66, where the second beacon was sighted. This range
also decreased as the robot approached the beacon before reaching a constant
value when the robot was stopped.
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6.3 Localisation

To test the localisation algorithm, the robot had to drive along a path taking
odometry and sensor readings. Beacons were placed in known positions to
provide a map of the environment from the which the robot pose could be
determined.

In order to verify the localisation results, the actual path the robot took had
to be determined. This of course included any errors due to wheel slip and so
could not be measured directly by the robot. To record this path, a video of
the test was taken and a grid marked on the ground in the test area. This grid
was used in post-processing of the video frames. Each frame was altered to
compensate for the camera angle and provide a rectangular grid for accurate
measurement of the robot position. An affine transform [22] was applied
using the TmageMagick package [23] to perspective correct the images. The
four corners of the grid were mapped to the corners of the corrected image.
This procedure is demonstrated in figure 6.9. The image before correction is
shown in 6.9(a) while the corrected image is shown in 6.9(b). Although the
second image looks distorted, the white dots now form a regular grid which
can be used to manually determine the robot co-ordinates. Figure 6.10 shows
the camera set up on a tripod above the test area.

Figure 6.11 shows the video stills from a sample test using three beacons. In
these images, the robot begins at the start position and then moves towards
beacon A. It then turns left and starts moving towards beacon B. Finally, it
turns right and heads towards beacon C before coming to rest. The results
of this and other tests are discussed in the following sections. Videos of these
tests can be found on the accompanying CD.

Data Processing

Before the raw test data could be used in the EKF localisation algorithm,
some data processing was required. The ultrasound data had to be converted
from microcontroller clock cycles to range measurements. This was done
using the calibration factor determined from figure 6.6. Any range readings
greater than 1.25m were ignored because this was outside the test area and
was attributed to environmental clutter.

The wheel speed readings also had to be converted from encoder ticks per
timer cycle to velocity in ms™!. The direction of the wheels also had to be
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5.5 Simulation Output

During the simulation, the robot state, X and the sensor readings are stored
at each timestep and form the output of the simulation stage. The sensor
data is then used by the EKF localisation stage to update the state estimate
and the robot state data is used as a comparison to test the performance of
the algorithm. The closer the EKF output to the simulated path, the better
the performance of the algorithm.

5.6 Odometry Model

An odometry model is also created for comparison with the localisation out-
put. This is the estimated robot path based on odometry alone. A compar-
ison between this odometry output and the EKF output gives an indication
of the performance of the filter and the requirements of the sensors. This
odometry model can take the real odometry data from an actual test or it
can take the generated velocities used for the simulation.

5.7 Extended Kalman Filter Localisation

The extended Kalman filter localisation algorithm described in section 2.2.2
was implemented. It takes inputs from the robot simulation or from actual
test data. Its output is the state of the robot at each timestep.

The EKF itself has various parameters which have to be initialised. These
are the estimated sensor errors and estimated process errors and state error
covariance. The state error covariance matrix, P, is initialised to

P =

sww Rk e B
oo O
sww T ae B

This represents the uncertainty of the initial position. In this case, it is
assumed that the initial position is perfectly known. If the position is not
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perfectly known, the diagonal elements of the P matrix are set to the vari-
ances of the error terms.

The measurement noise covariance matrix, R is initialised to

2
R = {Efrange ) 0 }

0 ebearing

where €2, . and €., are the estimated variances (squared standard devi-
ation) of the measurement noise.

The process noise covariance, (J, is determined by

e 0 0
Q=10 & o (5.1)
0 0 ¢

where €2, €2 and €} are the estimated variances (squared standard deviation)
of the process noise. These values however cannot be calculated initially as
the state error depends on velocity. The () matrix is therefore recalculated
at each timestep based on the current velocity.

At each timestep, the velocity is retrieved, either from actual odometry data
or from the simulation input. The sensor data (actual or simulated) is also
retrieved. The process error is then calculated based on the velocity at the
current timestep and this error is used to determine the covariance of the
process noise, (J.

A prediction for the current state is then determined using the previous state
and the process model described in appendix F on page F-1. The jacobian,
7f, of the process model is determined at the current timestep, linearising
the function around the current state. The variance prediction is determined
from Equation 2.13 on page 8.

If there is a valid observation, this observation needs to be related to a
beacon. The range and bearing are converted into z and y co-ordinates of a
landmark as observed from the current predicted position. The closest beacon
to these co-ordinates is assumed to be the visible beacon. This method had
to be updated after testing. Because orientation errors after turning were so
large, the wrong beacon was being tracked. The modification made was to
disregard beacons which were not in the robot’s field of view. If there was
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uo visible beacon, the sensor data was shaply ignored and only the process
model updale perfonaed.

The innovation and kKalman gain are then caloukated from Equations 2,15
and 2,16 respectively. Finally, Lthe variance and stale are updated and the
final estimate for the stale is slored,

5.8 Results

A sample simlation amd EKF resull 1= shown in Lpare 5.3 I 1= clear that
nsing odometry alone to determine position is iwsmfficient as errors grow with-
ont bound and no correction is made. This is in comtrast to the EKFE result.
Becanse of Lhe combined odometry and ultrasound semsor data incorperated
in this estiale, iL is wnch eloser Lo the actual path Lbhan wilth odometry
alone.
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Figmre 5.3: Result of ERE localization using sinnlated dafa

The resull of Ulas stoulation demonsirated Lae corresl operation of Lhe ERKF
koralisalion algorithrn, The method is however sensitive to chinnees in the
chosen error vahies. Fignre 5.4 shows another stmnlation, In this run howe-
ever, the sensor error terns used by the DK were overestitnated.

In this case, the ilter puts litfls faith in the sensor data and the output is
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Fignre 5.4: Resnle of WK localisation wilh overestinaied sensor error

voery similar to the odometry path. This of course does not mateh the actual
path becanse the sensor data as more accurare than assurned by the filter
and should have been moreheasily weighted in the position estimate,

The npposite is true i the EKF pose error tenm is overestimated. Figore 5.5
shows this rase. As the ndometry dara is not heavily weighted, when sensor
data 15 obtaineds the filter follows this information more closely. Tlas s
deminnstrated by the abonpt chaoge in position shown in the BKE localisation
path. At this peint. sensor data was obtained and hecause the ndrmerry
data was assumed to he maceurate, the Hlter was able to alter the estimate
in favour of the sensor information.

These results dememstrated the suceessful implementation of the extended
Kalman filer localization algorithm and the robot sinmlation, The 1K1
algorithion henvvever, had Lo be tested with astaal experimental data to verily
its suitahility for this svstem. These and other svstenn tests are described in
the follnwing chapter
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Chapter 6

Testing

The testing of the system was broken down into a number of tests of various
aspects. These included the speed control system, the ultrasound system and
verifying the operation of the extended Kalman filter localisation algorithm
with experimental data.

6.1 Speed Control

The speed control algorithm consisted of a proportional controller, illustrated
in figure 6.1.

The speed control tests consisted of testing the operation of the control algo-
rithm and then tuning the controller gain (k) value by performing step-tests.
The procedures and results are outline in appendix D. The result of a step-
test performed with the chosen k value is shown in figure 6.2. This value
was chosen because it provided an adequate speed of response while limiting
overshoot and oscillation.

The following figures show the system responses for various k values to illus-
trate the effect of the controller gain on the system and to explain the chosen
value.

Figure 6.3 shows the system response with k = 0.5. The response is extremely
slow and is unable correct itself quickly after environmental disturbances.
The circled area shows a disturbance such a slight incline, dropping the
speed below the setpoint. In this area on the graph, it can be seen that a
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Figure 6.2: Step-test with k=2

sipnificant amount of time is taken for the system to return to the setpoint.
By this time, the environment has changed, now level or a slight decling, and
the svstom is unable to respond fast enough so overshoots the setpoint. This
is an indication that o valugof & = 0.5 12 1oo low for this svswen.

Figure 6.4 shows the systemn response with o k value of 5, The response 18
mwiuch faster bl there is visible overshoot which is undesirabie,

Fizure 6.5 shows the system response with & sreatly increased to a value of
20, The system is clearly osallatory and dees neot scabilise and reach the
setpoint.,

6.2 Ultrasound

Initially vlirasound calibration tests were performed with the robot station-
ary, A ftarget was placed at varying ranges in Hne-of-sight of the uktrasonic
tramgducers and the maximum range and likelihood of detection determined.
These results are shown in figure 6.6, 1t should be noted that the transducers
could only provide range data and not bearing,
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Figurme 6.10: Camera Set Uip on Tripod Ahove Test Ares
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Figure 6.11: Videa Stills of an Examiple Test Rnn
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taken into aceount. In the EKE algoritho, the sign of the veloaly value in-
dicated direction whereas in the microcontraller code. the speed was a scalar
value and a second vamable specihicd direction. These had to be combined
to give A signed velocity

Single Beacoun

In the initial test, the robot drove towardz the single beacon and stopped.
Fignre 6,12 shows he aetual path, the path detenmned by odemerry data
alone and the path determine by the extended Kalman Glier Iocalhsation
algorithne. The localization algorithm was extremely sueeessful, produeimg
resilis far eloser to the actnal path than from edometry aleme. The scenracy
al the method is highlighted by the fact that the eud point of Lthe palh
determined by the extended Kalman Glter matches the actual Snal posicon,

LELY
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/
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Figure G.12; Comparson of (hlmnerry and Localisation Trata swith Actual
Patli - 1 Beacon

It shonld bLe noted that the extended Kalman hlter estimate follows the
pdometry {ar & while Before branching ofl towards cthe actual path, Tlas
poinl where the EKF pach branchies to the right can be attributed to the aran
alervation of the beacon. This observation was nsed to correct the estimate
and therefore move the estimated positiom closer to the actnal position. This
1= confirmed by wltrasonud readings from the test, These are shown 1l asure
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fi.l3. Range valnes greaver than 1m from the fvansdueers (1,250 from the
wheel base) were disvarded because they were cutside the range of the test
arca and were theretore attribvited to envitoumental clutcer.

Figure 6,14 shews the velority resdiugs lor both stheels, Comparizon with che
wltragoed readings 15 as expocted. Initially, the beacon was ant ol mange of
Lhe tramsaucers. The wheel velacities ineressed ana the robot moved forearnd,
After chivieen sammples, the boacon was observed at a range of approximalely
Toe. The wheel welocities remained comstant and so the ranee to Ghee Beacon
decroased steadily noeil sample 23 where the velocilics aropped to zoro and
the robet stopped. The ulivasiund reading: then romained constant. with
the rabal staliouary, approximately (1L36m from the baaon,

Two Beacons

Figur: 6.15 shows a similar test with tens beacops. This wias not surcessial g
the algorithm was net asare of which boscon wasbeiur observed at a given
timg, The way 1 which the algoritho attributes an ohscrvation 1o a boanon
i Lhe uap i as follows, The current estimate forthe robot pode (5 nsed and
trom that, and from the ultrasound disda: the likely position of the beacon
13 determined. The elosest beacon 1nthal arca is then actermined to be the
abseryviel Teacon. This howeser did fot work as the ereor duriog ooming was
o large, the algorithim chiese the wrone beacon.

The code was then modified to only accopt beacon measuroments if that
pravlienlar boacorn coulda realiztically be in view, If the aleorithm did not know
which heacon to attribute the measurement to, it distegarded che glurasomud
data and only followed the odometry dada. This pesult 35 showen in figure
15 Agsin (he[ilber was unsuccesstul although it can be seen that wnstead
ol observing an incorrect beacon, the algorithm simply follows the cdome oy
data, This porformance was still unsalislactory amd e Ged, boecause of the
shape of the path, the filter porloted worse than paometry aleme. The
task ol maslching up observations with boacons is known as correspondance
and is cne of the most diffienlt cliallenges in localisation and tmapping. 11 is
aivenssed in gectdon 2.5 on paoe 11

Fignre 617 shows 1he same lest exeept with known correspondenor, ie. the
algurithm konows which obscryations belomeg to which beacons, This gave
much ituprovead resilts, As in the single beacon dest, [he TEF [or rosull
is far superior ta odametry alone aud & welatively close to the actual path
The divergence [rom the actual path and then sharp turn in the EKL path is
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where the nltvasoind signal is lost and then regained and this used to corvect
the path. This is as expected as Lhe rohot lums the comer and loses sight
of the beacons and 1% conditmied by the wtrasound data in feure 6,18,

These readings are a8 expected as nothing is seen initially, then the [irst
beacon comes nwd view, followed by ancther loss in sional and fnally the
second beseon comes e view, There Is some noise on the signal but this s
compensated for by the flrer and does not adversely affect the Tesn!t.

Three Beacons

The test was onee again perfored but with a map of three heacons, Fig
ure 6,19 shows the resull with unkoown correspondence,  Onee again, the
resull 18 npsuecossiul with the aegorith anable to detennine which heacon
a particular ohservation belongs vo and following the odometty imformation
veaulting W consideralble oo

Fignve 6,20 shows the same test but with known comvespondence.  Again
a vast improvement is shown with the ERF loealization algorithim closely
mwatching Lhe actual path,
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The ultrasonie data is shown T figure 6.2t This is again as expected with
Lhree disting spikes corresgonding to the three beacons, witl the range value
decrensing a2 the rahot approackes cach beacon and euding with o constant
range when the robot s stationary, This graph can be compared to fgure
(.20 where it can be seen thut the places where the ERT algovithm loses
accuracy are where'Lhere is no ultrasound data available and the filter then
follows the odometry

CIIAPTER 6, TESTING

or
{ L&)



University of Cape Town Mechanical Engineering

1.2¢ b

\ _

0ar b

0.2r {\ 1
I 4 L I 1 L L L i

g 10 20 30 40 50 60 70 &0 30 100
Sampie Number

Distance to Object (m)

Figure 6.21: Ultrasound Readings for Three-Beacon Test

CHAPTER 6. TESTING 53



Chapter 7

Conclusions

7.1 Extended Kalman Filter Localisation

The system demonstrated that localisation of a robot in a known environment
is possible using only low-cost ultrasound sensors and wheel speed encoders.
The extended Kalman filter proved to be a highly effective method for this
task if correspondence between observations and map information could be
determined.

The method failed if correspondence was unknown due to large odometry
errors especially during turning. When correspondence was known, the algo-
rithm was extremely successful, giving results far superior to odometry alone.
The effectiveness of the algorithm was demonstrated both with simulation
and experimentation.

7.2 Speed Control

Speed control was implemented using optical encoders for rotational speed
measurement. From the speed measurement, odometry was implemented
both in the EKF algorithm and separately, for comparison with the filter
output.
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7.3 Ultrasound

An effective ultrasound range measurement system was developed and im-
plemented. It had a maximum reliable range of approximately 1.2m for the
given transmission pulse length. The effectiveness of this system was demon-
strated by the EKF localisation results. When the sensor data was available
and incorporated into the filter, the estimate of the robot position was much
closer to the actual position than with odometry data alone. It should also
be noted that the ultrasound data added considerable value to the system
even though it did not provide bearing information.

A method of using multiple ultrasonic sensors simultaneously without mutual
interference was investigated and appeared feasible. This would be highly
advantageous if more sensors were added to the robot or if multiple robots
were operating in the same area.

7.4 Controller

The Gumstix/Roboaudiostix embedded system was utilised as the controller
for the robot. Although not all the features of this controller were used
in this work, considerable potential for expansion was provided by choosing
this platform. This will allow the future goal of running the EKF localisation
algorithm onboard and eventually performing mapping to be implemented
on the current hardware.
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Chapter 8

Recommendations and Future
Work

Solving the data association problem is a key area for future research. There
are a number of methods which could improve the current system.

The first possibility is to add more sensors. A sensor which can detect a dis-
tinguishing property of a beacon, such as a camera detecting colour or shape
would allow the algorithm to better determine which beacon a particular
ultrasound reading corresponds to.

Another option is to include a direct orientation sensor such as a compass
instead of determining orientation indirectly from the change in position.
The reason for this is that a large portion of the error in data association
was due to large errors in odometry during turning leading the algorithm to
assume an incorrect orientation.

Self-identifying beacons, such as transmitters with a unique signal are an-
other solution although this is not ideal for this application with the ultimate
goal of autonomous mapping and navigation in an unstructured environment.

The investigation of the coded signal method of avoiding interference between
conflicting ultrasonic sensors discussed in appendix G should be extended.
The feasibility of performing the required signal processing on the Gumstix
system should be investigated further. The performances of the methods
should also be tested in cluttered environments as would be encountered in
the final system.
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The EKF localisation method used in this work should be implemented on
the Gumstix and run in real-time during robot operation. This may require
optimisation of the algorithm. As previously mentioned, the ultimate goal of
this research is SLAM. EKF SLAM should be simulated as the localisation
algorithm was in MATLAB to allow for easy testing. The SLAM algorithm
could build on the completed localisation code. The final step would be to
implement the SLAM algorithm on the Gumstix and then use this map and
localisation information for efficient navigation of the environment.
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A.1 Introduction

An imvestigalion of currently available antonomens vacmm eleaning svstemns
was condneted to provide backgronnd infarmation far 1his design. The htor-
ature survey was focised on the zensing ahbilities and bebaviour mechanisms
of the vacnum eleaners, as Lhe mechanical design was already completed.
Possilile wethods of achioving and improving these capahilities were also
HvesLigatod,

A.2 Commercially Available Systems

The autonomeous capability of commercial svstemia was imvestizaled 1o pro-
vide information on the current date of the art sud therefore to akd in the
divelopinenr of svatem specifications.

A.2.1 1Robot - Roomba

Figure A.1: 1Rohot’s Boomhba Scheduler

Figure A1 shows [Robot’s lop ol-the-lne robotle vacimun, Boomha Sched-
nler. It hasz the nllowing capabilitios:

o Chiject detection
o Active dirt detection

® Stair avoidance syslon
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o Scheduling capahility

o Automatie rocliaveioge

A.2.2 Floorbotics I'loorbhot

Figure 4. 2: Floorhatics Floorhot

Figure 4.2 above shows the Floorbot from leorhoties. This robot also has
the abihty to detect objects and avord srop-otis. It however doss not have
autmnatic recharge capahility. The main advantage of this product is that it
does nat use 8 andam search pactern bl actively maps the toa.
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A.2.3 Electrolux Trilobite

Figure A.3: Electrolux Trilobile

The Elecirolux Trilobite is shown in Ggure AG|24] 1t uses allrasonnd to
detoet objects and nevipare a room. [ oalse has the ability to deteet a low
hattery and recharge itselt and can detoct and avoid stairs or drop-offs[24, 25],

A24 Karcher RC3D00

Figure A 4: Karcher RCE000

Figure A4 shows the Karcher Robocleaner RCB000[26]. L navigates by
detecting obstacles using a contact sensor. It retiens to hase wlen a recharze
iz required and also o emply 1he dice bin, Cleaning is continued onee 1his
has boen compkoned

A.2.5 RV400

Fignre A5 shows the RV400 fram Friendly Robavies[27]. Tt uses ultrasound
Lo navigatle and avold ohstacles, 1L also has the ahality to detect and avoid
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Figure A.5: Friendly RVA00

stairs and drop-offs[28].

A3 Mapping and Navigation

The problem of autonemons navigation is not a trivial one. In order to he
traly antoncimons, 3 robat has ta be able to not only sense objects within
il cnviroument but ke Topieul decisions abonut the most effective wetion
to take. This requites taking information from o systemn of senzors providing
the raw darta on the sxternal environment. This information must then be
ussembled into o wsable image” of the robat’s surrounds. Finally, using this
image, lovical deémsions wbout the best course ol action 1o Laks most be made
Ly the masdgation aleorithm, This entire process s dvoamic and decisions
mmst constantly be updated as the sensor information changes.

A.3.1 Localisation

Loealisation is the process of detenrmining robot pose {(position amd orienta-
tici ). This is done with sensors and contral information and vehicle process
macdels. Localization is abdiously neeessary for path-planning as the rabot
caniol choose a route to o destination witbout frst knowing its position. It
18 also essenutinl for the mapping process se in order to know the positions of
landinarks, the vehicle position must also be known.
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Environment Sensors

Localisation can be done using global or local sensors. In systems such as
GPS, the beacons transmit a signal which is received by the robot. From the
difference in arrival time between these signals and given that the position
of the beacons is known, the position of the robot can be determined. The
orientation however must be estimated from the change in position {2][P.198,
Chapter 14].

In many environments, it is impractical for the beacons to transmit signals,
In these cases, the transmitters could be mounted on the robot and the
beacons could simply be reflectors, either natural or artificial but in known
positions.

Odometry

Odometry is the process of using wheel encoder data for localisation. The
starting position of the robot is known and future positions and orientations
are calculated by integrating the wheel velocity data. This method is not
reliable over large distances because errors grow without bound as there is
no way to compensate for an incorrect measurement or wheel slip [2][P.200,
Chapter 14]. It can however be used very successfully in conjunction with
external environment sensors such as in the Kalman filter localisation algo-
rithm described in section 2.2.2. Here odometry error is corrected by sensor
measurements and also provides a way of compensating for errors in the sen-
sor readings themselves. These two methods in conjunction provide a much
more reliable localisation estimate than either would separately.

Probabilistic Localisation

There is uncertainty in all robot sensor measurements, movement and also
in robot software because of approximations of the real world. Probabilistic
localisation uses the mathematics of probability to estimate robot pose from
all previous sensor and vehicle model data. This method includes not only
estimating the most-likely current configuration but also the probability of
this estimate. This means that because the current pose is a probability
distribution rather than a single value, the robot can revise its estimate if a
hypothesis becomes less likely when further measurements become available
[10][P.4, Chapter 1][2][P.201, Chapter 14].
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The advantage of probabilistic methods is that the required accuracy of the
sensors and robot models is greatly reduced. There is however a high com-
putational cost.

Extended Kalman filter localisation is often used in robotics. The extended
Kalman filter is described in section 2.2.2. It requires motion and mea-
surement models and a predefined map of beacons. The state of the robot
is updated by the motion and measurement data, while the algorithm also
keeps track of the likelihood of the estimates.

The algorithm also has to determine which beacon in the given map an
observation corresponds to. This can be a difficult problem if there are
many possible answers with a similar probability. This can sometimes be
solved by structuring the environment, such as increasing the space between
beacons. This however has the disadvantage of decreasing the likelihood of
observing a beacon at a particular time-step and therefore increasing robot
pose uncertainty [10][P.215, Chapter 7].

A.3.2 Simultaneous Localisation and Mapping (SLAM)

Simultaneous localisation and mapping (SLAM) is the process where neither
the robot pose nor a map of the environment is known. These both have to
be estimated at the same time, significantly complicating the procedure.

SLAM is done in a similar way to localisation, using the extended Kalman
filter, but instead of only estimating the robot pose, the map is also estimated.
As landmarks in the environment are re-observed, the estimates of their
positions become less uncertain. The localisation part of the algorithm is
exactly the same as in the localisation problem except instead of a fixed
map, there is a constantly changing map of landmarks which is updated as
new measurements are taken [8][14][10][P.309, Chapter 10].
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B.1 Introduction

As it was a requirement that the robot be completely autonomous a fairly
sophisticated controller was required. There are many possible controllers
available, so a list of specifications was drawn up to aid in the controller
selection.

B.2 Controller Selection and Layout

The controller requirements can be divided into two separate capabilities.
The first requirement is the basic control of the sensors and actuators on the
robot. This includes driving the motors and reading and storing data from
various sensors such as wheel-speed encoders and proximity sensors. The
second requirement is a higher level of control to perform room-mapping and
navigation tasks.A decision had to be made as to whether these tasks should
be controlled by a single central unit or whether the tasks should be split
between two controllers, each suited to a specific task.

The advantages of a single controller over two separate controllers are as fol-
lows. A single controller would be simpler to implement in terms of hardware
requirements. Having a central controller limits the amount of interfacing and
communication required which greatly reduces the complexity of the system.

The disadvantages of this layout however, include the increased complexity
in programming required and finding a controller suited to both low-level,
real-time tasks as well as more abstract computation. The increased pro-
gramming complexity comes about because while the complex navigation
and mapping algorithms are carried out, the controller must still handle the
simple yet essential tasks such as reading sensors and driving motors. These
tasks must be completed in real-time and so make the scheduling of tasks
within the program extremely complex. Added to this is the fact that dif-
ferent types of controllers are more suited to specific tasks. Microprocessors
are suited to more simple tasks but can provide accurate timing very eas-
ily. Embedded computers can perform more complicated and abstract tasks
but direct interfacing with hardware becomes more problematic, Choosing
a single controller to perform both tasks would require compromise on the
suitability of the controller to the given tasks.

An advantage of using two separate controllers is that they can run in parallel.
This reduces the complexity of the required programs and timing difficulties.
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Also, as mentioned above, specialised controllers can be chosen for the dif-
ferent tasks rather than trying to use an intermediate solution which is not
ideally suited to either task. Another advantage is that the principles of sub-
sumption architecture can be implemented. Because the basic control and
behaviour of the robot is under the control of a dedicated microprocessor,
if the more complex higher-level controller fails, the robot can still operate
correctly. Although some of the functionality may be reduced, the robot
could detect the failure of the higher system and take appropriate action.
This redundancy is very desirable for this application which requires a fairly
robust system.

The disadvantages of this layout are the increased cost associated with an
additional controller although this is fairly minimal. There is also increased
complexity in communication because the controllers have to communicate
with each other in two directions. The low-level controller has to pass on
sensor data to the central controller and behaviour instructions have to be
sent back.

For these reasons, a system consisting of a low-level microcontroller to per-
form the simple yet essential tasks and a higher-level embedded system to
perform the more complicated mapping and navigation algorithms was cho-
sen.

B.3 Controller Requirements

B.3.1 Pulse Width Modulation

Pulse width modulation (PWM) is needed to control the speed of the motors
driving the wheels. For this reason at least two PWM channels are required.
There is a third motor which is used to drive the vacuum fan which may alsc
need speed control to compensate for different floor surfaces. At least three
PWM channels are therefore required for the system.

B.3.2 Analogue to Digital Conversion

The data from the ultrasound transducers will have to be read in using an
analogue to digital converter. Other sensors may also require analogue to
digital conversion

APPENDIX B. CONTROL SYSTEM B-5
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B.3.3 Digital to Analogue Conversion

As it is necessary to generate a complex transmission pulse for the ultrasound
transducers, a digital to analogue converter is required to output this signal
(which is generated in software) to the transmitter.

B.3.4 Minimum ADC/DAC conversion rate - 88kHz

The maximum frequency of the ultrasound transducers is 44kHz [19]. If the
data is to be read directly into the microcontroller, the ADC must have a
conversion rate greater than the Nyquist frequency of 88kHz (double the
maximum frequency) [29]. This however is only a desirable feature as the
ultrasound signal may be heterodyned to a lower frequency with external
circuitry before being read into the microcontroller. This is also desirable for
the the digital to analogue converter which needs to provide the transmitter
signal at 44kHz.

B.3.5 General Purpose Input/Output

General purpose pins are required to read and control various sensors. An
example of such a sensor is one which would detect sharp drop-offs or stairs
so the robot could avoid these areas. At least one digital input pin would be
required to read each drop-off sensor. Other sensors may also be controlled
or read using digital input and output capabilities.

B.3.6 Communication

Two-way communication between the high-level controller and the microcon-
troller is necessary. This means that the controllers will have to be selected
in conjunction with each other, ensuring that they have compatible commu-
nication systems.

B.3.7 Size and Power

To maximise the battery life of the robot, minimizing power consumption is
essential. Using low power controllers as well as reducing the overall mass of
the robot increases the battery life. Apart from the space constraints implicit
in the mechanical design of the robot, it is desirable to have a controller which
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15 a8 swall as possible. Thiz allows for desipn changes sud apgrades without
concern or space constrainls,

B.3.8 Development software
Oipen sonree development softwarc i3 desirable as it climinates Heenging eosts.
B.3.9 Programmabhble in C aor C++

It is desirabite for the mictocoulroller W be programmable du s higher-level
lanpuape Lthan assombler lor case ol programming. As the final progeam will
be [airly complex, a lagher-level Yangnage such as € will make debugping
siwplor,

B.4 Controller Selection

B.4.1 Final Solution

The Gumslix ciubedded compiter was chosen along with the Roboandiostix
atd NelBMAC cxpansion boarda,

The Gumstix s showtsin lguee 3.1 and ils wam specifications are shown n
table B.1 on page 13-5.

& connax 400 xm

GO =i Hl D e
celinmebir

Aewe J sllury
Figare B.1: Cumstix 400%M Connex [3]

The Gumstix is the high level controller in this system while the Reboau-

APPENDIX B. CONTRON. S3Y51TEM | B-7
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Table .1 Ginnstiz Connes AQOXK Mam Specifications

400N He Trocessor

64MB SDDRAM

16MEB FLASLL

Low [ower (draws =2 260mA a 4006 Hz )
{perating System - Linus kernel 2.6.10
{Open Aource Sofiware

Thimnensions - Slmomn x 20810 x 3. %
Woiehl - B

diostix perfortos the lon-level tasks. Tigure B.2 shows the Roboaudiostix
board.

i reboaudio-TH

Fignre B.2: Roboandiostix Expansion Board [3]

The Boboantiiostix consists of an Almepal28 #-hit mieroconiroller as well as
a TCB140D audio codee. It can run as a standalone microcontroller or in
eonjunction with the Gumstiz as in this systenm. The main specifications of
the Ioboaudiostix board are given in table 13.2 on page B-9.

The NetMMC board shown m figure B.3 on page B-8 provides an ethernet
connection and an MMC slot for MMC, SD or SDIO cards. This i3 used to
intertace wilh the bost compuler for programening,

The [loboaudiostix runs the low-level software which perforins real-time tasks
such as spoeed conleol and meading the ulirasound sensors, 10 Lhen sencds Lhe
requited sensor data to the Gumstix embedded computer tir be stored or
processed by a localisation or mapping routine.
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Talle B.2: Robeandiostix Man Specifications

ATinewaldd AVR processor at 1651Hz

41 AVER GPIO lines al 5Y

G x 16-Tit PYWR cnfputs

Ko ®ar T0-hit ATXC

7 AVR UARTs at 5V

2 Gumstix GARTSs al 5V

UCR1400 awdio rodec (ACHT-compatible)

10 UCH1A00 - GPICH lines at 3.3V

& UCBI 00 dedicated ADC channels at 3.3V
17C bns

Bl-h sonnecin ﬁ

weercopaliery

Migure [3.3: NetMAMC Expansion Boad 3

As seen intLe alwove 1alile. the Gumstix system meets all the required comtrol
spociiivations as well as many of the desired teatures, The faet thut the
Gumstix and Rohoandiostix are designed to be used in conjnnetion with
eacll othey greatly simiplifies the interfacing task. Uhe extromely small size,
leow miags atd low power of these cantrollers 1s an added adsantaoe,

B.4.2 Olther systems considered

PC104

A PC1IM was considered ag the central controller for chis application. This
was however eliminated due to the velative size and weight of the PCl4
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compared to the Gumstix system. It would also have a higher cost and
would require additional boards for sensor input and motor control.

Two Microcontrollers

Using two microcontrollers such as the Motorola MC68HCO8GT16 for the
control system was considered. This was eliminated because a microcon-
troller such as this is not ideally suited to the high-level processing tasks of
the central controller. The code required to perform the necessary calcula-
tions would be extremely complex and might require a number of microcon-
trollers running in parallel. This increased complexity was undesirable and
would make fault-finding problematic.
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C.1 Introduction

The software running on the robot was required to perform a number of
tasks, many virtually simultaneously. For this reason, the microcontroller
software was largely interrupt-based and so not easily described in terms
of a linear program. In this section therefore, the different functions are
described as separate units and details of their interaction with other units
and the program as a whole is included. This was in fact how the program
structure was built, with each unit being programmed and tested in isolation
before being incorporated into the main code.

Parts of the code are based on software written by Dave Hylands [30]. The
I?C and circular buffer routines in particular were largely unchanged. The
modifications that were made to the I?C code were made in collaboration
with Tracy Boosen, Mechanical Engineering, University of Cape Town. All
code is included on the accompanying CD.

C.2 Speed Control

The initial task required for speed control is sending a PWM signal to the
H-bridge chips. The circuitry and layout of the drive system is described in
appendix D. A 16-bit timer with an incorporated PWM function is used to
drive the motors. The frequency of the timer is set to 20kHz and the PWM
duty cycle varied by changing the timer output compare register (OCR). The
speed of the motor depends on the duty cycle of the signal to the H-bridge.

Once the timer register has been properly initialised for PWM function, no
further action by the program is required to provide a PWM signal. This
function simply runs in the background and provides a constant signal no
matter what the current processor operations. To change the speed however,
the duty cycle of the wave has to be changed which requires editing the OCR.
This is done inside the control loop.

In order to control the speed of the wheels accurately, feedback is required.
This is provided by optical encoders on the wheels, described in appendix D.
Each encoder circuit provides a square wave with a frequency proportional
to the wheel speed.

A traditional method for measuring the encoder signal and relating it to
speed is to use input capture on the microcontroller. This is a function of
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the timer modules which allows the time between successive events (a change
in the logic level of an input pin) to be recorded.

Instead of using input capture, external interrupts are used to count the
rising edges of the encoder signals. These are counted over a specified time
determined by one of the timer modules. This allows for speed control on
both wheels using only one timer module for encoder input and one for PWM
generation and leaves two timers available for other purposes.

The encoder signal is fed to an external interrupt pin which is set up to trig-
ger an interrupt on each rising edge. These edges are counted and a second
timer (8-bit) is used to provide a speed control interval. After each interval,
the number of interrupts is recorded and from this the current speed deter-
mined. The speed error is calculated and the control algorithm determines
the required PWM duty cycle which is then written to the OCR. The direc-
tion of rotation of the wheels also has to be considered and this is specified
by a global variable.

C.3 I?C Communication

The Gumstix and the Roboaudiostix communicate with each other using I?C.
This communication is initiated by the Gumstix at an interval of approxi-
mately one second. At this time the Gumstix sends the required speed and
direction for each wheel to the Roboaudiostix. The speed and direction is
stored in a single 16-bit variable and so has to be interpretted correctly by
the microcontroller. The direction is stored in the most significant bit of the
variable and the speed in the 15 least significant bits. This method minimises
communication time required. The Roboaudiostix also sends the data stored
in the circular buffer back to the Gumstix to be written to file.

C.4 Ultrasound

The operation of the ultrasonic sensors is controlled by two functions, a chirp
function and an external interrupt function triggered by a received ultrasound
signal.

The chirp function is called by the main program and initiates the transmit-
ter, waits for a specified chirp length and then switches off the transmitter.
This is done using an 8-bit timer and an output pin. The transmitter circuit
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is described in appendix E and requires an input from the microcontroller
to switch on and off. When the chirp function is called the timer is reset
and the transmitter switched on. The timer is then polled until the specified
chirp length has been reached and then the transmitter is disabled. The
sonar reading variable is also reset in this function.

When the sonar received interrupt is triggered, the value of the timer is
recorded and stored in this variable. Due to noise in the receiver circuitry,
sometimes a number of interrupts are triggered for each received signal.
These would give false readings so have to be rejected. This is done by
counting the number of receiver interrupts that have occurred since the chirp
function was called. If this value is zero, the signal is valid and the sonar
reading is recorded. If not, the data is ignored.

The ultrasound measurement procedure is outlined in figure C.1.

C.5 Data storage

Because accurate timing is required for the localisation algorithm, all data
capture has to happen at fixed intervals. A 16-bit timer is used to achieve
this. The timer interval is set and when the timer overflow occurs, an in-
terrupt is triggered. Inside this interrupt routine, a flag is set. The main
program checks this flag and when it is set, the data capture and storage
routines are called. At each time-step the required data is stored in a cir-
cular buffer by the Roboaudiostix. This data consists of an index, the right
wheel direction, the right wheel speed, the left wheel direction, the left wheel
speed and the sonar reading. Because the chirp function is called at the be-
ginning of each time-step to obtain an ultrasound reading, the program has
to pause for enough time for the reflected signal to reach the receiver. This is
done with a software loop. If a signal hasn’t been received by the end of this
pause, no ultrasound reading is recorded. After a number of time-steps this
data is requested by the Gumstix and transferred using 1°C. The Gumstix
then writes the data to a text file to be processed at a later stage.
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D.1 Introduction

Avturate spood contrel was required to abiow the robot o move in a pre-
dietable manner and perforu odarmetry, Chlometyy s the process of esti-
itabing posibion feom speed and dircebion informeation. This was reguiced for
lncalisation and mapping. The actual speed of the wheels had to be mea-
surcd by sengors su the motor driver could compensate fur changes in load
ar suppy voltage, This formed a closed-loop controller.

D.2 Drive System

The drive syetom consisted of 8 maotor divcetls conpled 6o cach wheel driven
by a LADI8200 H-bridge chip [158 . Thiz in tarn regeived a signal from the
Bobosndicstie mieroeontyolley throngh an apto-isalation boart to proteed (e
controller from nojse generated by the motors. Wheel speeds wore measured
ke H21AL pliotatransistor optical interrupter switches [20] in eonjunction
with slotted dizsk eneoders attached to each wheel.

Figure 1.1 shenws the broak-down of the drive system.

| I .
: EGNTHE]LLER ‘ DRIVE SYSTEM

Roaoaun|o.srlx—1—w—y: OPTO-SOLATORS |
H-BRIDGES
TRy _l_—l

MOTORS

WHEELS

| ENCODERS
|

Figure [} 1: Tnterpetion of Tirive Sestean Copenents
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D.3 Speed Measurement

The encoder circuit used for speed measurement is shown in figure D.2. The
output of the encoder stage is a sinusoidal signal with a frequency propor-
tional to the rotational speed of the wheel. This signal is then fed to the
comparator stage which converts it to a square wave for input into the mi-
crocontroller interrupt pin. The microcontroller determines the wheel speed
by counting the number of pulses per timing cycle. The details of this are
outlined in section C.2 in appendix C.

: BV
1K (; 10K L
< Pl
< < < 10K
§ 10K
-
v = 100nF - OUTPUT TO
\\ L LM311 MICROCONTROLLER
>
} 10K
H21A1

 GND

Figure D.2: Speed Measurement Circuit

D.4 Proportional Control

In this system, a proportional controller was implemented. The equation for
proportional control is

R(t) - k(vdes(t) - vact(t)) (Dl)

where R(t) is the motor output function, vg.s(t) is the desired motor speed,
Vaet(t) is the measured motor speed and k is the constant controller gain
[2][P.57, Chapter 4]. This procedure is illustrated in figure D.3.

By altering k, the behaviour of the system can be manipulated to obtain
the required response. Increasing k increases the speed of the system but
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CESPEE SPEED X & b e i
— X— k S MOTOR : ,
e R A A AR, ] _ T ENGHOCEH
___________________ MEASUREMENT
CEELIEACK

Figure 13.3: Proporlional Clontroller 2]

if & 15 too high, Lhe swsteu ivershonts and may become pscillatory [2 [P.56,
Chapter 4].

D.5 Implementation

A Shil tuner module was used to sel the {ime between control loop it-
cratinng, O course for effective speed conurol, the direction of motion of
the wmotors had to be cobsidered. This however could tot be measured by
chir eneoders, 1 was ipstead defiped b acwariable in the nuerocontroller
code and 1he conirel algorithm used this to select the appropriate output to
the motors,  Lhe inplementation of the algorithm on the microcontroller is
diseussed 0 seclion 3.2 in appendix €.

D.6 Tuning

To optimise the specd conlrol algorichm, the correct value for the controller
sain, k had to be deterined. A mnnber of step-tests were performoed where
the robot was sent a yequired speed value and the wheel speeds measuved
[rom starting at zero until the setpoinl was reached. The value of & affecty
bisw Lhe wheels approach the setpoint.

If the & wvalue 3= low, the syvetem response will be slow and the svelem will
take a loug tine Lo veach Lhe setpoint, This system is overdamped bl may
he suilable for applicalions where 1t 13 essential that nio overshool. ocenrs,

Al intermediate k values, the svstom respotise 13 {aster bt the system oy
overshoot belore reaching the setpoint.

If the value of & 1s Lieh, (he svstent overshoots and then oseillawes abion the
setpoint, The vespouse of the svstem 1s faster but this ineressed specd causcs
the overshont which may 1ot be destrable.
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There is always a trade-off between system response and oscillation, and the
optimal value for k depends on the particular system requirements.

D.6.1 Step-tests

The step-tests were performed for varying values of k. Each test was per-
formed a number of times and averages taken to minimise the effect of envi-
ronmental influences which were not constant over different tests. The robot
was driven from a stationary position up to the set speed while the speed on
one wheel was measured and stored. This data was analysed and plotted to
determine the effect of the k value on the system.

Floating Point Calculations

The fact that k could take on a fractional value, added a level of complexity
to the software. Because the control loop runs on an 8-bit microcontroller
without a floating point calculation unit [21], special care had to be taken
with these calculations. Fixed point arithmetic was used by multiplying the
k value by a constant, being careful not to exceed the maximum possible size
of a variable, performing the required control calculation and then dividing
by the constant.

Resolution

The accuracy of the speed measurements was limited by the resolution of
the speed encoders. Even at constant speed, the measurement could vary
slightly. This varying speed value at constant speed should not be confused
with oscillation of the system caused by the control algorithm. This means
that even with an ideal controller and the system remaining at a constant
speed, the graph of the wheel speed would show minor oscillation about the
setpoint.

Results

The step-test results are shown below.

For a low value of k, kK = 0.5, the system response is extremely slow. As
can be seen in figure D.4, there is a significant amount of time taken initially
to reach the setpoint. There is however no overshoot and although it at
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Figure D.9: Step-test with k = 20
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Figure D.10: Step-test with k = 30

first appears as if the system is oscillatory, this is not due to overcorrection
by the control algorithm. On the contrary, the slow response of the system
is the cause. This can be explained by the following example. The circled
region shows a disturbance caused by the environment, for example a slight
incline, causing the speed to drop well below the setpoint. The system is
very slow to respond and get the speed back up to the setpoint. By this
stage, the environment has again changed, now a level area or slight decline,
and the system is unable to respond fast enough and so passes the setpoint.
This behaviour can be seen in a number of places on the graph and is an
indication that k is too low for this system.

For k =1 (figure D.5), it can be seen that the system response is faster but
still does not overshoot the setpoint. The system does take a fair amount
of time to respond to disturbances especially when the speed is below the
setpoint. This is demonstrated by the circled area.

Figure D.6 shows the result for k = 2. This response was faster as expected
but still showed no overshoot.

For higher values of k, & = 4 (figure D.7) and k = 5 (figure D.8), the
system respouse is greatly increased. There is however overshoot initially and
some degree of oscillation although this is minor compared to the inherent
resolution limitations of the speed encoders.

With k increased as high as 20 (figure D.9) and 30 (figure D.10), it is clear
that the system has become unstable and oscillatory. The system overshoots
the setpoint and oscillates indefinitely, never settling around the required
value. This is as expected and indicates that these values are too high.
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D.6.2 Conclusions

As explained above, choosing an appropriate k& value is a trade-off between
speed of system response and stability and lack of overshoot. Therefore, the
requirements for the particular system must be decided on before the optimal
value can be selected.

For this system, extremely accurate speed control was not required as long
as the actual speed at any given time was recorded for use by the localisation
algorithm. A controller gain value of k& = 2 was chosen because it provided
an adequate speed of response while limiting overshoot and oscillation.

Proportional control was sufficient for the requirements of this system. Be-
cause extreme accuracy was not required, a more complex control algorithm
such as PI or PID was deemed unnecessary. This could however easily be
added if it is required at a later stage.
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E.1 Transducer Selection

For the robot to create a map of and then navigate within its environment, an
efficient sensing system was required. Detecting objects at a distance was an
important requirement for this system. This would allow the robot to decide
on the best course of action, taking into account a number of obstacles and
also to build up a map of their locations.

A number of remote sensing methods were considered for this application.
Infrared sensors could be used to detect distant objects. The difficulty with
this method however is that if the ambient light varies within the environ-
ment, the sensor would have to compensate for this. This is possible but
makes the system more complex.

Laser sensors are traditionally used for environment mapping. These are
costly and as the ultimate goal of this project is the design of a low-cost
robot, they are not suitable for this application.

Cameras could also be used to detect objects and build an environment map.
This however requires large amounts of sophisticated programming and signal
processing to interpret the received images.

Ultrasonic sensors were ideal for the task as they are relatively low-cost,
have a suitable range and should not be affected by noise in the environment
because they operate in a narrow bandwidth outside the audible range.

E.2 Overview

In order to provide observation data for the localisation algorithm, a time-
of-flight ultrasound system was implemented. This system is illustrated in
figure E.1.

These sensors were designed to detect the presence of an object and calculate
its range. The transducers used in this system did not have the accuracy re-
quired to implement a bearing measurement system but a possible method is
discussed in “Mobile Robot Sonar for Target Localization and Classification”
[31]. The object was just assumed to be directly in front of the transducer al-
though in reality it could lie anywhere within a 50°arc around this point. The
results of the testing however, demonstrated that localisation was possible
without an accurate bearing measurement.
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Figure E.1: Ultrasonic Sensor Syslom

The range tooan objeet eas dereomined by [he time Lakent lor Lhe ulirasonie
trazsduesr fo receive o reflected pulse. The distance was caleulated aceording
to the cguation

B
=N
vehere o 1s the distance to the ohieck, €7 s the spead of somnd and £ 35 the
time between dransmizsion and received pilse [32][P, 93]

d (E.1)

A liner oo the wdcrosonlroller sy started when the fransmission sigtal
legan and was read when a return signal was recclved to cdetermine the
clapsed time,

E.3 Hardware Sctup

Murala 40kl ultrasonic {ransducers 19! wore used in this sypstem. The
main specifications of these transidincers sro show in table E.1

Figure E.2 shows an gverview of the operation of the Lime-ol-Highd aleasonnd
cirnuitry.

Wehon the clicp rontioe was salled, the Roboaudiostix selival ed the oselllator
[or s wiven chicp lengbh, When a relwn siznal was reectved, € was amplified
by a twe-stage amplifics with a total gain of 100 determmined experiinentally.
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Table E.2: Ultrasome Transducer Main Specifications

Cenire frequency 40kHz
Resolution D
Phrectivity a7
I LT S VS X R
............... s CRCUIT * TRANSMITTEER
i E ""| I e Y i DUTFUT 30
. i ] O i : oA MIGREGONTHUOLLER.
RECEIVER -~ AMPLIFIER | OETECTOR —* CGMFQ{?-&-TQR ¥

Fignre E.2; Tltrasound Cireuitry Block Diagram

This gained signal was then fod w s pealelevel detector which converted
it tooa 1D voltage. The DO voltage was then fod to o comnparator. The
compatator compared this voltaze t0 a refereuce voltage and the onlpuat was
fed to & Roboandiostix extergal moterrapl pin.

The operation of the individual system components is explained o detail
b Lo,

E.3.1 Oscillator

The transdncer required a 40kHz signal. This was generated by a CDA0LT
aztable multivibrator chip [33]. The frequency could be adjusted with a
potentiometer o ensure the correct operation of the transducers. The length
of the transmitted pulse was controlled by the microprocessor which sent &
signal to the resel pin on the CDHH4T,

The ogcillator circuit is shown in fignre E.3.
As can be seen in the figwe, the transducer was connected between £ and

(). As these signals were o antiphase, this effectively doubled the supply
village, increasing the range of Lhe transducer.

APPENDIX E. ULTREASOLUND SENSOR SYSTEM E-5




University of Cape Town

Mechanical Engineering

10K 39K 2
ANV R
T 1

H100pF

RC

CDan4a7

Ve O

RESET

Figure E.3: Oscillator Circuit

E.3.2 Receiver Amplifier

OUTPUT TO PEAK
., LEVEL DETECTOR
P H
RECEIVER 1000pF
10K < ==0.1uF

Figure E.4: Receiver Amplifier Circuit

Figure E.4 shows the receiver amplifier circuit. As the frequency was fairly

high, high slew-rate opamps were required. The circuit had a gain of 100
and the output was a 40kHz sine wave.
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E.3.3 Peak-level Detector

In order to determine if a target was present, it was necessary to compare the
received signal to a reference. For this reason, a DC voltage was required.
A peak-level detector was used to convert the received AC signal to a DC
signal.

The frequency response was set so that the 40kHz peaks were not followed
and the signal was effectively smoothed. The frequency was chosen to provide
adequate smoothing with a sufficiently fast response time.

22K
/

1M \

/ SN
INPUT FROM . — N QUTPUT TO

AMPLIFIER = i COMPARATOR

==100pF

:
i

Figure E.5: Peak Level Detector Circuit

el

Figure E.5 shows the circuit diagram. High slew-rate opamps were again
required.

E.3.4 Comparator

The comparator compared the output from the peak-level detector to a ref-
erence voltage. This reference voltage needed to be low enough to trigger as
fast as possible after the signal was received to avoid timing errors, yet high
enough to prevent false returns due to noise. This value was determined ex-
perimentally. During initial tests, a number of false triggers occurred. This
was found to be due to the shallow gradient near the reference voltage level
as the signal decayed. This error was rectified by adding hysteresis to the
circuit as shown in figure E.6.
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In order to determine if a target was present, it was necessary to compare the
received signal to a reference. For this reason, a DC voltage was required.
A peak-level detector was used to convert the received AC signal to a DC
signal.

The frequency response was set so that the 40kHz peaks were not followed
and the signal was effectively smoothed. The frequency was chosen to provide

adequate smoothing with a sufficiently fast response time.
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Figure E.5: Peak Level Detector Circuit

Figure E.5 shows the circuit diagram. High slew-rate opamps were again
required.

E.3.4 Comparator

The comparator compared the output from the peak-level detector to a ref-
erence voltage. This reference voltage needed to be low enough to trigger as
fast as possible after the signal was received to avoid timing errors, yet high
enough to prevent false returns due to noise. This value was determined ex-
perimentally. During initial tests, a number of false triggers occurred. This
was found to be due to the shallow gradient near the reference voltage level
as the signal decayed. This error was rectified by adding hysteresis to the
circuit as shown in figure E.6.
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Figure E.6: Comparator with Hysteresis

E.3.5 Roboaudiostix Microcontroller

The Roboaudiostix had two functions in this system. On the transmitter side,
it controlled the length of the chirp. The chirp function was called by the
main routine at the beginning of each measurement cycle. The Roboaudiostix
reset a timer and set the oscillator reset pin low. When the chirp time had
elapsed, the oscillator reset pin was set high to end the chirp.

If a signal was received, the comparator output went low. This negative
edge triggered an external interrupt on the Roboaudiostix. The timer was
then read and the time of flight recorded. The details of this software are
discussed in section C.4 in appendix C.
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F.1 Introduction

In order to use a Kalman filter for localisation and mapping, a process model
for the robot is required. This must be able to predict the future state of
the robot, given the current state and control inputs. This prediction is then
combined with sensor information to obtain an estimate for the actual robot
state.

F.2 Model Derivation

The state of the robot is defined by its location and orientation. This is
x

described by a state vector, X, |y
7

where z and y are the co-ordinates of the centroid and 8 is the angle of the
line joining the left and right wheels with respect to the z-axis. The centroid
in this case is defined as the centre point of a straight line joining the left
and right wheels. This vehicle model is illustrated in figure F.1.

X State Vector

x x Position of Centroid

Y y Position of Centroid

g Orientation Angle

AT Length of Timestep

R Rotation Matrix

Wi Left Wheel Position Vector
Wg Right Wheel Position Vector
wr, Left Wheel Rotational Velocity
WR Right Wheel Rotation Velocity
B Distance between Left and Right Wheels
r Wheel Radius

Table F.1: List of Symbols

The requirement is to find an equation for the centroid and orientation angle
at the current time in terms of the previous centroid and orientation angle
and the current control input, the rotational velocity of the left and right
wheels.
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Figure F.1: Vehirle Model

To dio this thewehicle motion 1= broken down into very small Line steps and
the chante in position and ovientation over that lanestep is determined. 1
is assumed that i AT iy sulliciently sinall, the left and nght wheels can
be approxiniated to move independently. in a straizght line with the enrrent
orienfation. Aller the change in positions of the two wheels, the new centroid
and orientation are caloulated from the veclor joiuing Lthe Lwo positions.

F.2.1 Assumptions

a Zero wheel slip
o For small angles arctan{z] = =

¢ lndependent movememt of lell and vight wheels aver small Himesieps
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F.2.2 Derivation

The wheel positions are determined from the current centroid and orienta-
tion. Initially the robot centroid is placed at the origin with 8 = 0. The
positions of the wheels are therefore,

~0.58
=[]
0.5B
o= )

A rotation matrix based on the current orientation is calculated.

_ jcosO(k—1) —sinf(k—1)
R= [sinf)(k —1) cos(k—1) }

The wheel positions are then rotated by the current ¢ and the centroid vector
added to determine the current wheel positions. This process is illustrated
in figure F.2.

W, =R [_0(')53] + ﬂ (F.1)
Yicw-1
0.58 T
0 Ylcu-n

From the wheel positions at & — 1, the wheels move independently, with
velocity, V = wr, the control input for the current timestep. The velocity is
multiplied by the timestep to get the distance moved. This is transformed
into the direction of vehicle motion and added to the wheel position.

Wy(k) = R {_0653 } + [ﬂ L PAT [‘Cif;;‘?,(f_‘li)} (F.3)
Wr(k) = R PZB } + m s + VRAT [:g:;?ék__l;)] (F.4)
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From these new wheel positions, the centroid at time k is calculated.

I:.’L} o "VL + W/R
C(k)

y 2
—05 (R ({'0653} + [O'ZBD 2 m k) (F.5)
[ty amr )

_ x(k - 1) - 05(VL + VR) sin 9(k - 1)AT
B [y(k — 1)+ 0.5(VL, + Vg) cos 8(k — 1)AT]

(k) is determined from

9(k) = 0(k — 1) + A8 (F.6)

where A is the change in angle.

VR—VL

6(k) = 0(k — 1) + arctan(( JAT) (F.7)

For small z, arctan(z) = z, so with AT sufficiently small,

VR‘"VL

2Bk =0(k— 1)+ ( 5

)AT (F.8)

The final process model for the robot from state X(k — 1) to X (k) given
information up to k — 1 and under control inputs, V; and Vy is

#(k|k — 1) Bk — 1)k — 1) = ATV (k) + Vgr(k)) sin (k — 1)
Gkt —1)| = [g(k ~ 1|k — 1) + AT (Vi (k) + Va(k)) cos§(k — 1)
O(klk —1) Ok — 1|k — 1) + YL AT

(F.9)

The extended Kalman filter also requires the calculation of the Jacobian
of the process model. The Jacobian is a matrix of all first-order partial
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derivatives of a vector-valued function [34]. It is used to linearise the function
around the current state. This is discussed in section 2.2.2 on page 7.

In this case, the Jacobian at x(k) = £(k — 1}k — 1)

1 0 —1AT(Vp(k)+ Va(k))cosf(k — 1)
k)= [0 1 —LATVL(k) + Va(k)) sinf(k — 1) (F.10)
00 1

where f,(k) is the process model described above.
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G.1 Introduction

The final ultrasound system will consist of many ultrasonic transducers, sup-
porting circuitry and an interface to a controller using analogue to digital
converters. It was desirable to be able to test the performance of the trans-
ducers and the optimum setup of the system without all these components
in place. These tests could be used to determine which parts of the system
were suited to analogue processing and to what extent digital methods would
be preferable. MATLAB was chosen to perform the signal processing and
determine which digital methods would be valuable in the final system. The
chosen methods could later be efficiently written into the controller program.
The generation of the transmission signal was also performed in MATLAB
and the onboard PC soundcard was used to input and output the data.

Because the maximum sample rate of the sound card was only 44100 samples
per second, it was unable to produce or receive the required 40kHz of the
transducer. The output signal was therefore produced at 10kHz and up-
mixed using an analogue multiplier to produce the required frequency. This
process was also performed on the received signal to return to the 10kHz
which was then read into the sound card.

Figure G.1 shows the system layout.

Analogue )
Muiﬁc;sﬁer Amplifier Transmitter
PG
{(MATLAB} 50kHz ’
Receiver
Amplification )
Cireuit Receaiver
>< . Em Object
Anslogue
Multiplier

Figure G.1: Block Diagram of System Layout

G.2 Transmission Pulse Design

For time-of-flight sonar with monotonic transmitted pulses, the range reso-
lution depends on the length of the transmitted pulse [35]. If two targets
have a separation distance which is less than this length they cannot be
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distinguished. Making the pulse shorter will improve this problem but will
also reduce the maximum range of the sensor. Fortunately, the range resolu-
tion does not actually depend on the length of the pulse, but rather on the
time-bandwidth product. For simple pulses, shortening the pulse increases
the bandwidth leading to improved resolution. However, if the pulse can
be designed in such a way that the bandwidth is high, the duration can be
longer and therefore have good resolution and maximum range. Range infor-
mation can be extracted from long, high-bandwidth pulses using the pulse
compression technique [35],[36].

There are many methods for increasing the bandwidth of a signal, such as
binary phase coding and frequency modulation. As it was desirable to have
increased range resolution while maintaining an acceptable maximum range,
three of these methods were investigated.

G.3 Frequency Modulation (Chirp)

A chirp signal was chosen as a starting point for the testing of the ultrasound
system as they are commonly used in sonar and radar and because it is a
simple way to utilize the bandwidth of the transducer. A chirp is a frequency
modulated signal and can also be generated using analogue circuitry which
was a possibility for the final system.

The chirp signal was generated in MATLAB. This signal had a linear fre-
quency modulation, a centre frequency of 10kHz, a bandwidth of 4kHz and
a duration of 1ms. The centre frequency and bandwidth are determined by
the transducer itself while the duration can be varied.

Figure G.2 below shows the transmitted chirp signal.

G.3.1 Simulation of Return Signal

Before the testing of the system was conducted, a simulation was performed.
In this simulation, the likely return signal was generated and this used to test
the signal processing procedures and for later comparison with the actual
received signal. This signal is shown for simulated targets at a distance of
0.5m and 1m in figure G.3 below. The signal which would be received directly
from the transmitter is not included.

APPENDIX G. TRANSDUCER INTERFERENCE G-4



University of Cape Town Mechanical Engineering

051

05

g 0.005 0.0 0.01% 0.02 0025
Time {s)

Figure G.2: Transmitted Chirp

Simulated Retum Signal

i A 1

] 1}
15 2 25 3 345 4
Distance to Reflected Object (m)

Figure G.3: Simulated Return Signal
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G.3.2 Matched Filter

The simulation above shows an ideal return signal. This however is not likely
in reality. There will be added noise and reflections from objects will not be
so clearly defined. A technique for climinating noise in received signals (i.e.
maximizing the signal to noise ratio) is applying a matched filter. This is
the process of searching a received signal for similarities to the transmitted
signal by determining the correlation of the signals [35].

Figure G.4 below shows the return signal as above with the matched filter
applied.

_50 4 H il A 1
0 05 1 15 2 25 3 35 4

Distance to Object (m)

Figure G.4: Simulated Return Signal with Matched Filter Applied

To demonstrate the effectiveness of the matched filter, Gaussian noise was
added to the simulated return signal. The filter was then applied to this and
the result plotted. The target information {obscured with added noise) is
clearly shown once the filter has been applied.

The figures below show how applying a matched filter to a received signal
with added Gaussian noise can increase the signal to noise ratio. Figure
G.5(a) shows the simulated return above with Gaussian noise added and
figure G.5(b) shows the signal once the matched filter has been applied. The
original signal can clearly be seen and the reflections detected.
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plied

Figure G.5: Noise Rejection of Matched Filter

G.3.3 Testing

To test the actual performance of the system, the chirp pulse was transmitted
and then the return signal fed into the soundcard as described above. This
was repeated with objects at varying distances from the receiver.

G.3.4 Results

Figure .6 shows the results of these tests before any signal processing was
performed. The initial transmitted chirp can be seen in all the signals and was
used to compensate for any delays caused by the soundcard and MATLAB
allowing the system to be calibrated. In figure G.6(b), the initial chirp and
the reflected signal overlap. This is expected as with the chosen chirp length,
the minimum range was 170mm to avoid overlap.

In the graphs above, it is clear where the return signals occur. In practice, the
signals may have higher levels of noise which obscure this. It was necessary
to determine whether applying a matched filter to an actual received signal
would improve the signal to noise ratio as demonstrated in the simulation.

Figure G.7 shows the performance of a matched filter on a noisy return signal.
The return signal from an object at 500mm can be easily detected once the
filter has been applied.
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G.4 Eliminating Crosstalk

The methods discussed above are successful at eliminating white Gaussian
noise [37] present in the received signal. This is because the additive white
Gaussian noise is uncorrelated with the received signal. In this system how-
ever, it would be advantageous to be able to filter out noise from other sonar
transducers transmitting at the same time. These could be from other trans-
ducers on the robot itself or from other robots operating in the same area.
This problem of similar transducer’s interfering with each other is known
as crosstalk. The most common methods of preventing this interference are
time division and frequency division but these were not suitable for this ap-
plication.

Time division is simply ensuring that each transducer operates in turn,
not transmitting while another is operating. This method has two disadvan-
tages, the first being the considerable delay while allowing other transducers
to operate. Another consideration is if there were multiple robots operating
in an area, their sensors would have to be co-ordinated which would be ex-
tremely problematic due to the added system complexity and communication
required.

Frequency division is operating the transducers at different frequencies.
These must have enough separation to avoid interference. This therefore,
requires high-bandwidth transducers which are costly and can require more
computing power.

It would be ideal if the transducers could operate at the same time and in the
same frequency band while being able to eliminate crosstalk. This is possible
if each transmitter puts out a unique signal which can be extracted from
the noisy return. The process of searching for similarities to a known signal
in another signal is cross-correlation. The cross-correlation is high if the
signals are similar and low if not. Autocorrelation is the cross-correlation
of a signal with itself. As long as the various transmitted signals have a
low cross-correlation with all the other signals and a high auto-correlation,
the individual returns will be discernible. This technique is widely used in
communications, allowing many signals to share the same transmission line
without interfering with each other [35],{38].

Various methods of generating unique signals were considered. These are
discussed below.
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G.4.1 Phase Modulation using Walsh Codes

Phase modulation is one method of encoding the transmitted signal. The
phase in each signal is modulated in such a way that any two signals do not
correlate well with one another. The phase modulation is determined by a
unique code which is assigned to each transmitter. If the codes used are
orthogonal (their inner-product is zero), the signal will have an extremely
low correlation with any other transmitted signals and any false returns will
look like noise [35].

Walsh codes [39] are sets of orthogonal mathematical codes used in telecom-
munications to identify particular communication channels [38]. Although
in direct sequence spread spectrum (DSSS) telecommunication, the signal
being sent is digital, the codes can also be used to encode an analogue signal
by modulating the phase of the signal depending on the code digit. This was
done as follows:

Transmit = cos(2m fOt +7/2 x W)

where We is the relevent Walsh code, f0 is the centre frequency and t is the
timestep.

Each digit in the Walsh code is either positive or negative one, so this equa-
tion gives a maximum phase shift for each change in the code digit.

Testing

16-bit Walsh codes were chosen and the transmission signals encoded using
two different codes by the method described above. These signals are shown
in figure 5.8 below where the phase modulation caused by the encoding can
be seen.

Figure G.9 shows the auto- and cross-correlation of two transmitter signals
encoded with Walsh codes. The blue shows the auto-correlation which has
a clearly defined spike indicating that the signals correlate well. The red
shows the cross-correlation with another Walsh coded signal. As expected,
these have a low cross-correlation with the maximum being approximately
five times lower than the auto-correlation maximum. This should allow the
two signals to be easily distinguishable.
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Heosults
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Figure .10 Auto- and Cross-correlation of Return Sienal

To test wheiher (his muethed wonld work with inlerfering sienals, returns
[rcan two dilerent {ransimitied sivuals were added together, The correlation
cperatious were en performed on the combined signal inoan alfemupt to
iznlate the imdividual returns.

Fizure G 11 shows the two different signals nsed &o create the combined
sigmal. ‘The carvelation with the correet signal is shown in blng while the
inearrect one is shown i red. “The distances sl which the chjeels were
positicued can be clearly sce.

Fignye G112 shows 1he conibined sipual. The farpets are nol distingaishable
e Lo duterferenee from comlicting transmillers, Tlas sipnal was correlated

with each transmitted signal to abtain the following resnit.
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APPENIK . TRANSDUCER INITERFERENCIE G-12



University of Cape Town hoechanieal Engincering

3 ™
i Il 4
[
j% b
i
&5 -
4+ L
b +
g S 1 AR ] B » b Te 0 ] 3 =2 E
Cisatas 1o Mjazlnd Trainfes iro el oy
vt Siamal | [B)Fisznal 2

Fignre G111 Individual Return Signals frony Different Transmitters

=15
r1

b

L 05
-0
HER £

12

'}
0 an 471 ol £ LA 1200

Fipar: (3.12 Combianed Signal

APPENDIX G, TRANSDUCER INTIERFERIENCE -13



University of {ape Town hechanical Fngineering

a : g -
|

= % £

i

dr L]

o
k1

:I'Frg' P T g R L S Lm‘h* S =
2 I 3
5 | |

A L 1 L 7 a6 H n ng

. LS a 15
CRnlurie n Diyued (i [tmanzn 11 Gyt it
(A Signal ¥ Corelation () Sigual 2 Covrelation

Figure (+.13; Sizuals Recoverod by Correlatam

was however recovered [rom the noisy combined signal. This demonstrates
that the Walsh codes ellectively idenfihed the cognired signals and made the
gystem onmne 1o interlerence trom mualkiple transducers.

(.4.2 Pseudo-Noise Sipnals

Another method of generatinga unique tranzimission signal is 1o use & pseudo-
noise signal. 1'his is where a band-limited random signal 15 used Lo ideutify
a particular trapsmitter. As lony a3 1he varous transmdl ler signals hove
a low cross-correlation, thoeyv can be uniegmely identified. Good eorrelation
propertics bave to be determined experimentally az there is no deterministic
method tor generating fwe fixed length random signals wich o low correlaiion
[0}

Testing

Psowdo-nose sigunls wore zenerated and their correlation tested. Two with
a low cross-correlation were chosen as the trapsmitter pualses and used to
attemnt to identily objects at varying distances,

Roesults

Figures (3,14, .15 amd 6. 16 show Lhe correlutod signals for objects at varving

distances, The blue shows the correlation wich the transmicted signal while
the red shows the correlation with an incorrect gipnal. The targets cau be
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clearly identified by the spike in the correlaled signal. The problem with
these resulls, that wade this methed unswitable for the task, was that 1he
spikes [or distaut targets were below the noise level {correlation with incortect
sipgnal] for closer targets. I the invo signals were combined. the correialion
procedure wonld be unable to pick ool Uhe distanl largel becanse it wonld
be obseurred by the noise from Lhe closer Largel,

This could be improved by inereasing the bandwidih of Lhe PN signals, Un-
[oriumately this was nol o possibility 1o this system becanse the handwidth
wis lmniled by the fransducers. Another pessibility was using sophisticated
sipnal processing to differentiate between a distam tareel and nelse by com-
paring the maximum and average amplitude of the signal.. This however
woald become problematic m more complo: covinmunents with more than
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G.4.3 Darker Codes

Burker codes sre phase modulation codes which give the best range resolution
becanse of their ante-correlation properties so these wore considered, They
are: bowever unsuitable for a aystem where erosstalk is & foctor becanse the
signals cannoet be distinguished ot one sucther 35
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G.5 Conclusions

Encoding each transmission signal using Walsh codes to determine the phase
modulation was found to be the most effective method of eliminating crosstalk
and improving range resolution in this sonar system. Although they do not
give the best performance for range resolution (as with Barker codes), they
are a good compromise between good crass-correlation properties and suffi-
cient resolution.

The bandwidth of the transducers proved to be a limiting factor in imple-
menting the pseudo-noise pulses. Because of this limited bandwidth it was
necessary to intentionally gencrate signals with low-cross correlation in order
to eliminate crosstalk.
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Abstract

This paper dJesesibes the thearcresl background and implomentation of a dual 13 and acoustic zanpe and angele
tracking sysbeiry (hal allmws g seall sobotic vohicle 1o find and follow a moving Beacon. The sensar is inlegmiled
ol oo Acd =adio contal vohiels 1o domamstrate this capability.
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1 Introduction
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technigques were deeme] 1o be more smhle. Riunes
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wsequamii ] upproach [7],

Initial experiments wore canducted usimg RE radules
desizned fon kevless cotiy, Henwever, it was Thond
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vatighle portind  botween  the mansmission of  he
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them unzuitabic 1o the measuramient ol umivsl e
differenece of less than 13ms regaired e a Sm
MaAXIm rangs.

A viable alternative i this precblem s 11lustraed n
Fipare © i disvwssed inthe [bilowing sections.

2 Operational Principles
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inprlermented 1o produce o rampe meminenen | sysim
which worhs ws [oTlows:

s The buagon transmia & short pulse af 1R
light with a wivelengeh af 96dnm on-ofl
mwdylaled at 38k H=,

» T then transmits b 2ms busst of ultrascund ar
a frequeney of HikHz

s Vhercooivor detects the [H pulse, which w
all mtenes 15 mstantancous, liowed sherly
afterwards by the slower acoustic pulse.

o Jecwuse the speed of Sound is reasomably
cansiant {alun 3400 und slow, 71 75 eas
W measore e tme diffErence. AT, from
which fhe range can be coleolaed,
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e T»«w

.t

=1 b |
¥ 2w “TOE *m
Sl | {8L_TI

a=emiT e Hurmrm To—=

Fivnre Br Conceptusl dinuram of the svstem showing
ther zanus: metsurg ment iechnigus

The: relative ungle af Ihe beacan with respeet to the
eoeivar e dotcrmined  using a varfation of  the
comveniional  smphlude  compansan menopulse
weehnigue eveloped  daring W ter wacking
girerail using radar |8, 2| Thaugh this procoss i=s
usually - apphicd using cleciemivagnetic sgnals, a
nymber af acaustic applications have bhoen mads |10,
[ 3], wheze its use as anaid to the Blind has Beeh quie
sneppssful,



In this  peotedrpe.  hoth (R apd  acousdic
‘mplerientations ol the anple medsumemenl dme made.
In Ahe TR implementcion, Two receivers ame pliced
BErweEn an afaghe seplum gs shisen m Figore |4
fhat ah the argle of arrpeal viames, Grel the gne regeiver
i5 Murninated. angd (hen bochs syl Amaily the other
I privduces fenr suss Mo signal O 1he beavon is
outslds the andle Timiis ol both recavensk, amale 160
(IF ane eeceiver 6 Muminatedy, wngle stmight v (i
hoith are iThamimatedy amed wngle riehe Gf (he afor
tecEiver s illuminaied), This o by wsed 1o drive a
mang-bang aontmoller ioad Ih it atecmma f
flie toehal,

Tha s oif the: seplum cdn be adjusted @ conal the
aregle dumnge which both reccivers are illuminated.
rd ser ol fme the ~diad™ band of the contraller.

tal arle

1m=_..._ 2 Copeopmia) dlazcaim showing di
(A CAsLCE Mt

Beaoze of the tinite size ol e teceive aperinn lenis
and diffeaction amund he sepiom. (here w31 beoa
Ty renzan o ransdtion hetween (hisreduiyer socing
the beacon aud iol. This will deperilpthe infemsioe
af the heacon. and e amhien Jight level. 1t las been
estimated that a dead bangd cal miuch less than 147
conild pot be reliably ohrained by this method

“permm ey R

Figure 3: Conceptual diaerdm slowing afialig nrgle
TSR

In e case of ihe acoushc swvalem, o bevause the
amplingde of the received siondl 15 delormined by *he
rocaiver beam pastern. w B wome subile memsoee of
the angle Ts possthle. Two negeiyer ransdneoms anc
rraitited with g shehl polward sgquint s that 18 he
aeeusnic siom]  wrrives dlosn oandlo, she  sienal
amplitude received by oiwe of the peecivers will be
higher than thal received by the other as illustramcd m

- '

Flaee 3, Only when the [Homination is synmetscal
will ithe two sionals be oqual and o thers will be oo
algyi] bamd,

& sfmdlation model was bollt waing the 0 irasdnig
transducor nornaiizad gaan patem sopphed by the
manufactuecr.  Lhe  differenice hevwsen the signa]
voltases ceceived  Trome e le aml the tdeh
transducer dré used W poodoes the teceie antonnag
teanafer tunction shown o Tigere 40 1 com he seen
that the peak magniude ol the emir sigrml s
dopendent on the squint-argle 1 oean alse e seon that
there I8 @ epian af abpul +520% over whith the
relazionsli|y betwsen the voltaee and the Benion angle
1Enlmng: |anear.

gl of ShiwmcTateg

ce Fr Anule error traris e Mumction with squwim
Hrrrle dn o prrametor

The slope of the crror sigpal a8 the orizin is 3 pood
i tien of the potential tracking aecuracy, and it
can be sven that s s propoctional e the squine
aogle, The down side s that 3t this sgumi anple
exvceds 157, she pn borcsiaht sizrnal amplitude
duereases wilh g rosgliant redoction in the sigsal o
finise ool o (SR

[maddivion, the amplitede of cach af e received
sigmals dovicases consldeably as i heacon anale
increascs; and in the end o theeshald will be rewched
Below wlash the SN will be 1o low fir rolahble
mmeastmemcnts o be mado.

Focause the srznal leselas alio dependent om the
o to the beacon, s anele ling threshbekl will be
ranze dependent.

3 Tracker Implementation

4.1 Beacan

Ui ek the Peactn o hivhl and lmobinste a8
poaible. it eonsisms ot w PIC micro-contraller
IPICI6T 6250 v the schemwnie shown m Fianms 5,
it ean be seen thal ik drves ao B LEPs with o peak
cumtent of BmA for TRIIs - pulsae ndulated at
SHKHZ. e pulse repetition intemval w Shms moking
the dury evele §.02 = 105 % ard reduiing the
avoraar cucrent consumption i (ke per 170




The micro-contreller alae drves fwd aliresomic
transducers al F0k11s throoanh swatching thnsisdors
and step-up translormers 1o peevdidz each with g
e sivnnl which s iB2ic muxinsum rated deive
level, From the schematic sl 1be heicon 35 shown n
Uipore & 01 can e scen Tht teas mimsducers e s
Ty wwiden the womnth civerase fis ensore that the
Frzacon will be seen by the receiver svea (001 f501 un
arm e,

A wvisbly VRN, nod shown o the sehematic, vim by
inclndes] 1 nevessary amdd sirobed Tor o beel period
apce every socomd or o o midicade (hal (bBe bracon s
syvitched om ard sothing,

X

IO B
Aty

Figure 3: Circuit<ligoram of beacon

I this profotypss the 9Y supply was resulated dowin
S ousing a lincar reaulatar, bbis is mefiieient and it 15
propescd that a small 130X comverter shau!d be
uwsed o imprave the batterny |ite,

Figire 6 shinws Thee Tasont fie the heaame iransd yosrs,
N s imporan bl the 18 T-ETs and the T hieisonic
Transducess be syninted in the honeontal plans 1o
e e ahpular coverige. T el amporiant thal the
Ly Littrasotie T ransducers Tepaonmied cme by b
athicr, as close nwether as pasdble o oreduce he
mapninde ol the eleyatiom bobing.

SO L brep s Transdner

H LD
Wase LLL Tasser

“Oram L aese sz Transdzcr

Figure fr Layoul of beacon trapsducers

At this stape the beacom will pperate relipldy forabag)
f hoves psime one 9% oalkaline Baters. This pesiml
wolld Te doubled 11 an eMicient TICTH tonverler
veplaced the linzar s=sulator,

3.2 Receiver

I recociver  complises a o pair o wltrasenic
transdicors ampliticd by & conventional stereq pre-
amplifier as showe 0 Figuee 7. 1135 suggested {hal
this 15 meplaced by a pair of analog receiver 1%
ranufaciured by Sepsetoop  F beticr  rabpe
perfonmance (2 rcguired.

Figure 7t Beceiver schemanzc hiock diagrism

Thy amphided aeoustic sienals are then deteeted and
Filteees] fo prinhuce om envelope ol he plilse shape as
shownin Figuyme 8,

[T ITEMSELCH B W 480 ok

Flirure 82 Received aconddie siemal aml jhe deteencd
envelope

Thar suns of the cnvelope vohages from the left and
right chemmels 15 then comverted fo a diginl pulse
uginy o gonspardlor eonfigured with a Schmide rigpe
it anl with an adiusiable threshold level, Bocause
The length of this pulse varics with the reccived signal
maphivide, it fmivecrs a momasable with a constam
duratinn pulse of 5000,

This pulse then perfirms a number of functions. o
the: tirst instanee it officially marks e secaipl ol The
gcoustic pubse for the ranee measuremean circwiey
which is cxplaimod latee. Scoondly, 7l traggess o
sample and  hold  which  saples the  detected
crvelopes of both the recoivess, and holds the [nal
yalue for the 30wms inter pulsc poricd.

The reasan that e monostalde polse dorahsn s
Fps s because thal s dpprosdmalely the cise tme of
the eoceived pulse (as can e seen it Fpure K] This
ensuecs thal the output of each sample and hold, bolds
the peak reccived anplinde,

The sansple and hald gircuiny consists of an analag
swilch wilboewed Py g resimtor and o gopuaitor the
el ol whigch s ffTered by @ non-invertine
[ia livivgr, The high i inspedanee of the buffer. and
1B high o i1 =adistance of the! analog switeh cnsure that



the charge rémamé on fhe sapaatipr Tor thy compleie
Afme mier pukss period wiltk mirmal droop.

e IR circuitry conclas of a pair of huffercd (R
roceivars U procieca TTL dow on reezipt of an [R
slonal modolarcd at 38kHz, Those signals: ane vead
imo & PIC micm-conmoller tpol shown i dhe
schemarict for furthet proccasing.

Rangs Wosmps Ot

) ¢l

; ETHOREA TPRG LR W
TSI QL CHE bW 3 ms
TTIDEL RS b ¥ 3 mS
ot ko L T L

b2 Yl etk s o
Figure 9; Analgs ranpe sigrals

anpndput, which 1% the Tewicyl OR niEthewo [R
TECEIVET Ul serves (s g dopyer fur the amalog cange
varlfage gonumior,  The mnge Grouil cpmprises: g
cnmstimt corren) genaratic that thyrees § capicitor i
prisduce & bncae viiltaoe tanpe with g slope al g
5% ms The caprattor 3 thechprged on teeeiptuT
Ihe IR g imd then eharges foc the il Stms. This
volipee, which v daretily propanional 1 the #lapsed
I, 1% sgmplad ar 1he msiant that 1he g spmal
pe oteeeived,  The oedpal 9% therefome  direcily
proporiionat o the tange from the beieen w0 he
ey Er

33 DCPowerSupply

A pair of CUIIC conyepers Comvart the batiers
sapply frivn the sehicle inta <& b3Y and 13Y reguised
for circun operation. Because lesc svakms poneig
sealehing anslents at hoth thes jimput and outpots,
they shoutd b tilersd wsine e appropriae O
netweorka. In addithon, the +-E3% Tails ane regulatod
for =025 10 reduce 1his roaze-sti] Durther,

This discussan bas stwmn thdl the receiver outpiet
curnprizes 1wl divafal sizngls foom the IR meceivers
which gre (e wide gnple captare sionals and three
angleg sipngla which are the fing gngle and ange
connril

4 The ¥ehicle

Toi demumszrate the cupabalities oof the receiver, 11 wis
monmied omo the chatas ol an off-regd madio-
contrplled velidle (Tamiva Overbanddr) as <hiown in
Figure 10,

Figure Lz dadio conullod vat chassis w il sensar
and prototype connol clectriinics

An Atrse] Atnegse |28 B-Bit micmocontrislér runs thie
safware which performs the tracking Junction, Tn
wrder for the velicle o properls tack the targer (e
presence of e acousic sional and Ar least one
imfrared sional is reguired: Anadditivag] sutpat deom
Ihe  semsor imfcates thas presence ond nolifies the
comtrialler that (heinconmind sensor data i€ valid. Wit
rhis valid dain the vehicle can rrack the targel using
proporhional comml The microcanirofler digitises the
zange and he twa anple soblages 25 wellas sampling
fhe dipital coitpils el he sensor.

Fagmyme £ shows a Nowchart of the macking sdeorithm
executed hy the macmwpntrobler, The digifised rompe
vl Moo 15 subtmoied Tnom aosd-pomt #.,. to
prsdiice the diffotence which conimelk the spead of the
drive-whcels, &

v L.._....

B= &

1

To conirsl the sghicle stesring, a simple linear
trpcking alporithoy s implemensd by estmaiimge
ihe affsel error. A= Auging the TeRand righe receiver
virltnees § b oand Bl
= "...s.._

T

Adr— N (2}

The vihue 15 ormagheed 1o flk senle and gsed 1o s
the stevnme angle, Bormalisacon of fhe gmmar signal i
negcszare o provide  scourGte  sweoring  contmlb
independent ol senal smphide:

Al low slemal-to-noise. ratios. hoawever, amplitication
of noise intreducce upwanted inputs inte the conmal
alearithm, For this tcason, e amplhede of the
receivod oeoostic signal is-opmsidored and i1 drops
below 4 threshald, the acauslic dala i ionored e
alzorithn alse ncludes a small dead band o prevens
oaeillation-artsund e cenire point
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Figure 111 Flowcharr showeann the thacking afpomthm
implemented o the Atmena- 128 nsicioconielfer

[ 1015 dlesarable i the velncks ek the heacon ¢ven
when the goowsiic dyla S ot present, 1 mirarcd
sipals vun b used. The vemcle conbd e until the
infrared sigial Muminates btk optical scnsres, 1 the
deviustic signal & ol of wmoe, the vehicle could mowve
forward using @ bang-hang tomiroller based on the
infrared tracking sipgnal nnul fhe geoustic sigrml s
acquired.

It orenst also by noted that due o the mechanical
conligurgtion ¢ the vehivle 31 can vnly frack the
angle when it s sbay moving mrword,

41 Mounting Positien

Far the vehicle o he wsed for Ihis apphcaiom, the
ecciver can only be menneed about Sem ofF the
prownd as sheswn i Figuee 14

This moaumtjng position has a numiber of drascbacks:

s The upit will have to look up towasd the
heacon if it s mpunted o the owaer’ s hetl
(about Tm off the 2round)

«  The angle to the beacon will vary  with
distance and will reguire a fairly wide
elevarion boammvidth 1o compensae (shout
3% for & gioond range Between [ and Sm)

¢ lhere |5 o chanoe fhat the amit will Tk
divectly imo the sun which might have o
detiimental effecton any (R semeors wsed,

Fianee | 2 shows the normalised clovition gain foe the
uktraaind transdicer =g ungtion of besenn Tange
fiore @ ruumbwer ol tmicker il angles, Troeen be scen that
Wl short range where (the relative angle is larpe. the
gain is o, bul oyl longer mnegs 10 romaine almast
vonstiynl as the angly chunass very little with eanpe.

Hubradral Seno st Lrmen

R
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00 R T ) eed 18 Edazen
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Figure 120 13feit of beacan pange on wlisgsanic
rec2iver 2ain

A reasanable compremise woull b foouse o AR Engls
o 207 a5 1hal mandmises the ain o o ground range of
2m willinn having 10 eall-aff foee guickly &1 loangor
ranzes where e sional Tevel will be Tower,

Thie angle could be vplireised farther by madelling
the acluyl received signyl level as a function of Tanze
st ud af jist using the aclerng gain,

4.2 Vibration

Because 1he  meceiver comprisgs bwn o sErsive
ultrasonie tansducers ballowed By o par of high win
amplifiers. 11 15 very sensitive W0 lud noiscs m the
vielnite, and 0 s pEnolype. vibmation of the
housing,  Uo o address  the  wibealion dssue,  the
transdocets shondd be wobined from the housme, and
as an added precantion. the housing  shocld  he
mpknted o the s2hicle uging shock miuns,

4.3 Beacon Mounting Effects

Theee are two restrictions 1o the beacon maunting
pesition, Firstly because of the tinied ansle ol view
af 115 ransdlccrs i must be mounted so el it fces
the vehicle while the owner i walking, and secomdly,
because neithes the [ nof the acoustie signals wilk
penerrate clothing effectively, it must be sponnted in g
positian where shirts and “ackels canngl obsourd 15
viem.



§ Preliminary Resuits

51 Noise and Multipath

Tests of the system showed substantial noise on the
acoustic signals. The noise led to instabilities in the
steering which were eliminated using a digital low-
pass filter. A ten-sample average was found to be
sufficient to create smooth steering behaviour with
minimal computational cost. There are many possible
sources of this noise, including interference from the
PWM controlled servo motors, digital noise from the
sensor circuitry and environmental noise.

Although the vehicle could detect a loss of signal and
behave appropriately, it would occasionally track a
false target. This was due to multipath errors from the
acoustic signals in a clutiered environment. If the
beacon was switched off, the wvehicle would
immediately stop tracking the false target,
demonstrating that the vehicle was indeed tracking a
reflection.

5.2 Control Algorithm

Proportional control was implemented for both the
steering and range parameters, which was sufficient as
the slow response of the mechanical components
added considerable damping to system.

The beacon following capability of the system was
good, if the beacon remained within the receiver
beam. The vehicle was capable of following a person
carrying the beacon at a fast walk, and was capable of
performing a 180° turn with a radius of less than 3m.

At maximum vehicle speed, there was some
overshoot if the beacon came to a sudden stop. For
applications that require high vehicle speed and
sudden changes in control input, a Pl or PID
controller could be incorporated to improve response.
This, however, would increase the processing
requirements of the controller.

5.3 Beacon Position

The sensor was found to be particularly sensitive to
the position and angle of the beacon relative to the
receiver. This sensitivity is due to the beam pattern of
the acoustic transducers and could be improved by
using transducers with a larger beamwidth. This
characteristic highlighted the advantage of including
the bang-bang controller using the infrared sensors
which would allow the vehicle to return to a position
where the acoustic signal is usable.

6 Conclusions

This paper has discussed the design and
implementation of a simple dual IR and acoustic
tracker and its evaluation on a radio controlled car
chassis. The implementation is unique insofar as it
combines the broad acquisition angle of IR sensors
(nearly 180°) with the precision angle measurement

capability of an acoustic monopulse tracker.
Additionally it uses the difference in the time of flight
of the IR and acoustic signals to measure the range to
the beacon as well.

Preliminary results of the tracker performance were
promising with the vehicle capable of following a fast
moving person.

7  Acknowledgements

We would like to thank the ACFR (University of
Sydney), the University of Cape Town and ltech
Corporation for supporting this project.

8 References

| N. Priyantha, "The Cricket Indoor Location
System," in Computer Science and Engineering, vol.
PhD: MIT, 2005,

2] L. Girod and D. Estrin, "Robust Range
Estimation Using Acoustic and Multimodal Sensing,"
presented at Intelligent Robots and Systems (IROS
2001), Maui, Hawaii, 2001, 1312-1320.

i3] A. Ward, A. Jones, and A. Hopper, "A New
Location Technique for the Active Office," IEEE
Personal Communications, pp. 42-47, 1997.

4] G. Bortolotto, F. Masson, and S. Bernal,
"USRPS - Ultrasonic Short Range Positioning
System,"” presented at IX Reunion de Trabajo en
Prosesamiento de la Informacion y Control (RPIC
2001), Santa Fe, Argentina, 2001, 658-663.

[5] R. Palmer, "A Spread Spectrum Acoustic
Ranging System - An Overview," presented at IEEE
Canadian Conference on Electrical & Computer
Engineering, 2002, 1242-1245.

[6] K. Jorg and M. Berg, "First Results in
Eliminating Crosstalk & Noise by Applying Pseudo-
Random Sequences to Mobile Robot Sonar Sensing,”
presented at EUROBOT'96, 1996, 40-45.

7] Y. Fukuju, M. Minami, H. Morikawa, and T,
Aoyama, "DOLPHIN: An Autonomous Indoor
Positioning System in Ubiquitous Computing
Environment,"” presented at IEEE Workshop on
Software Technologies for Future Embedded Systems
(WSTFES'03), 2003, 53-56.

[8] A. Leonov and K. Fomichev, Monopulse
Radar: Artech House, 1986.

{93 M. Skolnik, Introduction to Radar Systems,
2" ed: McGraw-Hill Kogakusha, 1980.

[10] R. Aguilar and G. Meijer, "Low-Cost
Ultrasonic Fusion Sensor for Angular Position,”
presented at SeSense 2002, 2002, 594-597.

[11] R. Kuc, "Binaural Sonar Electronic Travel
Aid Provides Vibrotactile Cues for Landmark,
Reflector Motion and Surface Texture Classification,”
IEEE Trans. on Biomedical Engineering, vol. 49, pp.
1173-1180, 2002.





