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Planetary rovers are robots that need to perform autonomous navigation, because of
the long delay communication and no human assistance. Furthermore, they need to
perform the optimal estimation of its position in order to have a good performance
on its navigation system. The need for good performance filters for estimating the
actual position of mobile robots of this kind is needed, due to the fact that sensors
are noisy and that information is of vital importance for a planetary rover’s mission.
Besides, good accurate sensors for the matter, are not easy to find for space appli-
cation. Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF) were
implemented to analyze a data set of a 4-wheel robot, and later used for comparison
on accuracy in the estimation of its pose. The analysis will give the possibility to
know the right combination of sensors, recognize some issues during the trajectory.
Furthermore, this study has been made with aims to give the reader knowledge of
state of the art in planetary rovers, their constraints and consideration while devel-
oping them. The robot used for the research has been developed for an international
competition of field robot automation. The main goal is to navigate autonomously
through flowerpots performing different tasks as flowerpot collection, distance traveled
and robustness on localization and navigation algorithms.

Keywords: planetary rover, mobile robot, extended kalman filter, uncented kalman
filter, 4-wheel steering robot
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Chapter 1

Introduction

“Space is so close: It took only eight minutes to get there and twenty to get back.”

- Wubbo Ockels

Space exploration has been an interest area for humans. From ancient civiliza-
tions, there have been studies of planets and stars with the aid of their current
technology. Nowadays, researchers have been using spacecrafts and robots to
perform activities which are not easy to achieve or are dangerous for humans,
such as in situ exploration of planets or stay for long periods in outer space.

The human beings have been curious through their existence and always have
tried to find an explanation about life’s origin. Nowadays, the search of in-
formation about the origin of Earth in some planets or moons, and whether
such planets have harbored or could harbor life(Mocquet et al., 2011; Schulze-
Makuch et al., 2005), are some activities where actual astronomers do with the
aid of space technology (McKay et al., 1996; Chin et al., 2007).

During the past few years, space scientists and roboticists have proposed mis-
sions, for example to search life in Mars, or to find explanations about our
Solar System in the Earth’s Moon. However, although apparently it has been
the most explored, there are still reasons to take missions over there again,
where the most important might be as mentioned above, to find answers about
the Solar System, its origin, the composition of other planets, etc. (Carroll,
2009).
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Mars, is probably the most accessible place to search for life and to explore

with robots compared with other bodies as Titan, which has characteristics
of supporting life (iMARS Working Group, 2008). Hayati et al. (1997), states
that scientists have three main objectives for Mars exploration:

1. To search for indication that existed life or exists.

2. To understand the planet’s weather and environment.

3. To determine what resources it provides for future explorations.

Even that it is possible to send people to outer space more research is still
needed to assure they will be safe during long space trips to other planets. As
consequence space technology has been developed for the sake to research the
risks that a person might deal during the travel and more important justify hu-
man exploration. One technology recently developed that is capable of carrying
out surface exploration on other planets are planetary rovers, mobile robots
with special protection and instrumentation to perform scientific research in
other planets.

From earlier robot developments, accurate localization has been an important
part in the puzzle of mobile robotics and this focus has led to generate many
techniques to achieve it (Daum, 2005; Baumgartner et al., 2001; Durrant-Whyte
and Henderson, 2008; Gordon et al., 1993; Gustafsson, 2001; Thrun, 1998).
They vary from simple to complex computation, using deterministic or stochas-
tic based algorithms, such as dead reckoning, Kalman Filter (KF) with its
variations, Particle Filter (PF), among others.

Planetary rovers have been required to perform scientific research in planets and
moons by tele-operation, with some autonomy or fully autonomous. Recently,
autonomy on rovers has become one of the requirements on generic mobile
robotics furthermore this can be seen in the commercial robots such as vacuum
cleaners and lawn mowers.

Previous missions have demonstrated that to success on a planetary rover mis-
sion, good performance algorithms for localization and navigation must be in-
cluded (Huntsberger et al., 2002), as a consequence of the gathered information
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from those rovers. The material has shown that rovers might challenge un-
predictable scenarios, such as loose soil, big obstacles, craters, among others
(Diaz-Calderon et al., 2007). Furthermore, it has been concluded by Powell
et al. (2006) that the quality of localization knowledge affects other functions of
the rover itself, as a result those actions would not be the optimal as consequence
of a poor quality of the positioning algorithms.

Actual surface exploration missions are done with wheeled robots and orbiters.
Although, it has been proved to be a reliable system, there has been a research
on alternative locomotion for rover prototypes (Seeni et al., 2008; Estier et al.,
2000). Recently, there is a growing interest on new concepts due to the fact
that scientific research spots are at hazardous places, for instance inside craters,
where with the actual wheeled rovers, the missions are hard to achieve (Nesnas
et al., 2012) or even impossible.

Nevertheless, even that new concept developments are of great importance and
of personal preference, this will not be discussed in the following chapters; but a
general description of some design requirements to develop planetary rovers are
briefly described in Chapter 4. Instead of debating about mechanical design;
a research on two localization techniques and filters will be performed, the
Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF).

The main objective of the thesis is to study, develop and compare localization
methods for mobile robots without a global positioning device, as the planetary
rovers. The implemented methods will be employing sensor fusion strategy since
it has been used habitually for mobile robotics and is simple to be applied in
the EKF and UKF. Additionally, the work will explain the implications, perfor-
mances and constraints of the implementation of such localization algorithms.
Also, the work will remark the importance of localization, since if the rover
achieves an excellent localization in its environment, the scientific mission will
certainly be accomplished.

Despite the objective was to be executed in the developed robot for an inter-
national competition held in The Netherlands (Chapter 5), the study will be
made with the robot datasets acquired from the tasks performed by the robot.
Changes were made in order to accomplish the goal described above, since the
robot was not ready to perform tests with the algorithms mentioned previous
to the event, leading to question the reliability of the implementation of the
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localization algorithms formerly mentioned.

However, it is of importance to mention that the former objective, was to
contrast the filtering techniques with the use of the Global Positioning Sys-
tem (GPS). The position information received by this system might be affected
by non-Gaussian noise, and as consequence, the EKF might be not recom-
mended to be used; instead, the UKF should have a better performance. More-
over, it was contemplated fusing the GPS information with the other sensors’
information, in search of the global position of the robot and give a map to it to
execute the tasks with a superior accuracy and outstanding navigation during
the competition than with the unfiltered data.

Besides, this work will present a study of sensors used for planetary rovers. It
gives an overview of the common sensors used for navigation and localization;
furthermore, it is mentioned the importance of autonomy on those rovers. The
intention of this document is to know the most important components to give
the required autonomy to a planetary rover in order to perform a mission.

Moreover, it will be found a system analogy between rovers and mobile robots;
this is in order to foster the development of prototypes, to learn the constraints
that a robot would face when is sent to a specific planet. Besides, gives a first
impression of the considerations that a designer of a rover should take. Notwith-
standing, the comparison (Section 5.5) was for Mars’ environment characteris-
tics, since it has been the only planet where autonomous rover missions have
been performed.

1.1 Outline

Chapter 2 shows an overview of the characteristics of Moons and some Planets
where robotic missions have explored, are exploring or will explore to gather
relevant information for the science mission. Shows some of the most interesting
places to pursue scientific research and exploration with planetary rovers.

Chapter 3 gives a description of former rovers missions, rovers on development
and research as well as future trends on planetary rovers.
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Chapter 4 explains the subsystems that are generic in a rover design in a short
way; in addition, there is a comparison of Earth-based rovers (field robots,
test beds) and planetary rovers with matters to compare the things to consider
while developing these mobile robots. Besides, shows the background of the
algorithms used for locate and maneuver the rover autonomously.

Chapter 5 presents the work done by the team and gives an explanation of the
objective of the contest, the robot and justifications of the current design, used
sensors, algorithms, communication among other subsystems.

Chapter 6 presents the assignment done for the thesis accomplishment, the
explanation of the research is done in this chapter. Furthermore, it explains
the work performed with the Extended Kalman Filter and Unscented Kalman
Filter, the employed sensors, and development of algorithms for positioning.
Also, here it is explained the similarity and contrast between Earth’s based
mobile robots and planetary rovers for localization and navigation systems.

Chapter 7 gives the procedure performed for the experimentation and testing
of the robot in a simulator, outdoor and during the contest environments.

Chapter 8 displays the results of the implemented algorithms for positioning,
and for the different scenarios.

Chapter 9 shows the conclusions done as consequence of the analysis of the
results presented before. Also, it is presented further improvements or work
that can be made to the robot in order to have better performance on its
localization and navigation.



Chapter 2

Environment of Moons and Planets

According to Bénilan and Cottin (2007), Earth is a unique place since is the only
celestial body where exists life, perhaps for this reason, it is of great interest
explore other bodies in outer space in search of life or some explanation there is
life just on Earth. Moreover, it is known that water and life organic components
come from some far away, so the curiosity has fostered to make big steps towards
exploration of other planets and celestial bodies.

Planetary scientists justify their research by bringing out that to understand
better the problems that Earth faces, the exploration and study of rocky planets
is necessary (Bonnet, 2007). Although, this has completely been (but not proved
yet), some interesting thoughts might arise; for instance if at some point the
existence of life or that existed life is proved, humans could prevent the causes
of life extinction or life preservation.

Although, during the space era many launches have been made, few of them
have been to perform planetary surface exploration1, perhaps because of the
intractability to reach such places and the required time and money to be in-
vested2.

In order to accomplish space exploration, robotic missions are needed by rea-
son that long space trips require protection from extreme environments, where
there are solar hard X-ray flares (Smith and Scalo, 2007), lack of sunlight,

1Not Earth exploration
2Politicians probably would say ”wasted”
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space debris, temperature, microgravity (Ostrach, 2008), solar and galactic cos-
mic radiation (Tribble, 1995), lack of atmospheric pressure, and high-speed
micrometeorites, among others(Morphew, 2001), or even if Martian life exists,
protection would be also needed (Warmflash et al., 2007). Accordingly, robotic
exploration before human space exploration is in essence, justified.

Nowadays, there are robotic implementations to study the environment of the
planets. These missions might give the necessary knowledge to develop long-
term human exploration bases on Mars, Moon or any other body of interest
as Bond (2007) and (Sandal et al., 2006) mention. Besides, these long term
missions are expected to last more than six months (Jr. et al., 2012).

Despite, Mars and the Earth’s Moon are of great interest, they are not the
only planet or moon that space agencies are willing to explore with rovers.
There are several celestial bodies such as Venus, Europa, Titan, Triton. As was
said above, the rovers will be relevant systems in searching evidence for life,
answering questions regarding to life’s origin and make safer long term human
missions outer space and safer journeys while exploring new planets (Balint
et al., 2008; Ellery, 2000) for the systems and people.

2.1 Earth’s Moon

In accordance with Schwendner et al. (2009), lately the moon has been receiving
a major interest for exploration, and not just from the government also private
companies within a contest organized by Google X-prize have started projects
where the mission is to send rovers to the Moon and perform some activities
better described in the official web page3.

Furthermore, there is an interest to do scientific research in the lunar south
pole (Bartlett et al., 2008; Schwendner et al., 2009), afterward there is a strong
evidence of water ice presence in the dark regions to use it as combustible or
to generate oxygen (Cordes et al., 2011), a good reason to be explored. As
consequence, the Moon, presents the possibility to create a base of operations
(Bentley and Bentley, 2009) for future missions. Besides, because of its low
gravity, it is a great opportunity to establish a space port.

3http://www.googlelunarxprize.org/
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However, the Moon has been constantly explored and is important to remark
there are challenges that a robotic scout would encounter on it. The rover
should overcome the possible loss of control when the contact with the ground
is reduced as consequence of one-sixth of the Earth’s gravity found on the Moon
(Harrison et al., 2008). Besides, the rover is compelled to endure against the
temperature changes while at shadow and sun.

The rover has to also be prepared to mitigate or to protect itself against the
dust. The dust on the Moon is a considerable issue; being that, it possesses elec-
trostatic and magnetic characteristics (Agui and Nakagawa, 2005)that make it
stick to the joints, or sensitive instruments, sensors and mechanisms. The Lunar
regolith might degrade such mechanisms, pauperize the radiators’ performance
(Harrison et al., 2008), block the vision systems among others.

However, there are other known challenges and as the Moon is lacking an at-
mosphere the rover also needs protection against solar flares and radiation.
Furthermore, the robotic platform should be prepared at least from software to
compensate the reduced damping as consequence of the vacuum (Yoshida and
Wilcox, 2008).

2.2 Mars

Mars presents one of the most interesting places to continue to explore, justify
that Russia and USA has been trying to research that planet as can be seen in
the missions from satellites and rovers (Muirhead, 2004). Mars localization is a
good reason to explore it, besides evidence that water was present before. This
planet is a challenge for surface exploration design due to its rocky and dusty
environment, and where previous rovers have challenged unexpected scenarios
on Mars’ surface.

Faure and Mensing (2007a), say that there is no doubt that liquid water was at
some moment running on the surface of Mars, and as consequence the probabil-
ity to find evidence that on Mars there was life could increase. Also Warmflash
et al. (2007), says that there is current surface water although Boynton et al.
(2002) explains that might be possible but in the form of ice. Furthermore,
Stoker (1998) postulates that life did exist on Mars during its earliest history
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because life existed on the Earth during that same period of time. Even more,
he postulates that there should exist subsurface water, and as consequence gen-
erating more intrigue, reasons and desires to explore Mars.

Although the presence of life on Mars has not yet been proved, Warmflash
et al. (2007) explain that if life is discovered, there is a likely possibility to
find bio-hazard organisms, and depending on the mission carried out extremely
precautions must be taken if such mission is a sample return. This generates a
new challenge that a planetary rover has to prevail.

Similar to the Moon’s dust, the dust on Mars is electrostatically charged. Calle
(2011), presents actual research on how the dust particles are charged and he
tries to encourage the reader to perform more research on this issue. Besides, he
also presents an interesting prototype for dust mitigation. This issue is really
important specially for the solar panels as was seen on the Mars Exploration
Rovers (MER) rovers. However, a new solution for power generation, the Multi-
Mission Radioisotope Thermoelectric Generator (MMRTG) has been used in
the Mars Science Laboratory (MSL) mission from the National Aeronautics and
Space Administration (NASA). This system is useful to solve the electrostatic
dust issue (Grotzinger et al., 2012) by replacing the solar power panels.

Nonetheless, the major challenge for a planetary rover on Mars is to travel
on the regolith. Although the issue described in Section 2.1 about the sticky
dust on the rovers it is an important issue, the soil is also a problem for the
driving system and not just for the joints or solar panels. The soil is too loose
that affects the robot when it tries to run on high slopes, as a result the rover
might present slippages (Reina et al., 2006a). The main subsystems affected
are navigation and localization, also a chain of effects occurs since there exists
a dependency on some subsystems. Several consequences of wheel slippage and
sinking might bring are such as lost of power, mechanical stress, shear and wear
of mechanical components, heat, among others; besides, the mission would be
on risk to be lost.

Even that the Mars’ environment is extremely dangerous, sometimes might
present helpful phenomena as dust devils. There is an article from NewScien-
tist, Matt Golombek says the dust devils did a ”miracle cleaning” to the solar
panels of Spirit rover from MER mission4. Besides, Greeley et al. (2006) confirm

4Martian dust devils finally caught on camera. http://www.newscientist.com/article/
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such possibility when the power from the solar panels rose and the PanCam5

from Spirit was apparently cleaned. Nonetheless, Calle (2011) mentions that
dust devils have particles electrostatically charged and according to him, such
particles might stick on the platform. Recently, dust devils have been an inter-
esting topic, still more research is needed since they can be very useful to clean
instruments, in that case a location prediction can be made for them.

However, the surface is not just composed from dust or soft material. It has
been found that the rocks are not homogeneously located all over the Mars’
surface, instead there are regions with very few rocks or small as in Meridiani
Planum, where Opportunity rover landed; and regions where the abundance
of rocks like Spirit rover found in the Gusev Crater (Cheng et al., 2005). For
this reason the MER mission was necessary to update the computer with new
algorithms for the vision system (Cheng et al., 2006), as consequence of the lack
of rocks (used as reference points) in the Meridiani Planum (2.1).

Ylikorpi (2005), gives a short list of the characteristics of Mars. Among the list,
there are challenges described above like the dangers from terrain and winds.
Furthermore, he mentions other important issues that should be considered like
solar flux, which would give problems to the power generation and as conse-
quence the dust is not the only concerning factor for the solar panels.

Figure 2.1: Meridiani Planum from Opportunity’s camera. No presence of rocks
- Courtesy of NASA

The described environment Mars characteristics presented above, suggests that

dn7140-martian-dust-devils-finally-caught-on-camera.html
5Panoramic Camera on MER
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in order to accomplish a surface exploration mission on that planet, many
consideration should be taken carefully; moreover, future functions should be
thought as prevention in case something unexpected happens.

2.3 Other environments of interest

Notwithstanding, Mars and Moon are very interesting bodies for exploration
and the closest bodies to Earth (and as consequence “easy” to access them),
there are other celestial bodies that are of great scientific and technological
interest, even some commercial interest6. The systems are Earth-like bodies
(rocky and solid), for example Mercury, Venus, Titan, Europa, asteroids among
others. Nowadays, is complicated to perform mission to those planets because
of technological, economic and political factors.

Even though water ice might be found on the Moon, it is not the only place
where to find such liquid, since according to (Bentley and Bentley, 2009), there
exists water ice in the planets. Moreover, comets and asteroids are other sources
of water ice (Feldman et al., 1998). In fact, in some comets have been seen or-
ganic compounds as well as water in asteroids even some observations have
presented evidence of possible cryovolcanic outgassing. Though, there is a dis-
cussion of whether liquid water can exist; since researchers, present conclusions
that comets and asteroids are pristine7 proto-solar nebula bodies and as conse-
quence no liquid water can exists on them (Hoover, 2006)8.

Mercury is another planet of interest, due to its proximity to the Sun and
there are some regions that have not been investigated. Those regions, are in
craters where there is no sunlight and the temperature is around −150 ◦ C.
Missions, have presented radar reflections, and such information might be as
reason of water ice or native sulfur. Also another characteristic from Mercury,
is that has more iron than terrestrial planets in the solar system (Faure and
Mensing, 2007b). In accordance with Bertrand et al. (2002), surface exploration
of Mercury would help to understand the formation and evolution of our solar

6http://www.planetaryresources.com/
7Definition: belonging to the earliest period or state - Merriam-Webster Dictionary
8If more information needed about the comets and asteroids composition refer to Hoover

(2006)
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system.

Venus is the most similar to the Earth with respect to atmosphere (Landis,
2006), and similar to Mars this planet provides a probability to find fossils
and life (Schulze-Makuch et al., 2005). Even liquid water could be found at
subsurface level despite the hotness of the planet.

There are also moons that are of scientific interest, such as Titan (largest Sat-
urn’s Moon) that according to Lorenz (2006) is the most Earth-liked body in the
Solar System. Titan presents cryovolcanism (liquid water volcanoes), rivers of
liquid methane. Europa (Jupiter’s moon), according to Prieto-Ballesteros et al.
(2011), is a priority to be explored by space agencies, since there is evidence of
a water ocean beneath its surface, and apparently provides a place where life
might evolve.

However, it has been presented a short description of the reasons to explore
outer space some considerations should be taken before to send a spacecraft
and even more with planetary rovers. Landing shock, temperature, atmosphere
and surface composition are some of the analysis that should be made carefully
before sending a mobile robot, and as consequence during the design phase the
rover should be protected against them or find a way to gain benefit from them.
Not all the issues should be covered by the same priority, since each mission, has
its own awareness. According to Bertrand et al. (2001), thermal environment is
the most important in case of Mercury exploration where the heat would affect
the rover by radiative or surface heat compared with Mars rover regarding to
dust.

Even that the rovers are prepared to achieve the missions in hazardous places
the rovers don’t perform risky activities, and in accordance with Washington
et al. (1999) the managers of the mission are more conservative in comparison
to the real capabilities demonstrated in a semi-controlled environment like a
laboratory in order to protect the rover, since there is no failure option.

According to Schulze-Makuch et al. (2005), rovers are restricted to explore small
regions. Furthermore, those regions are sometimes not the most scientifically
interesting and Schulze-Makuch et al. (2005) give a list of them:

• Canyons.
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• Mountain ranges.

• Sites of suspected magmatic-driven uplift and associated tectonism and
possible hydrothermal activity.

• Polar ice caps.

• Ice deposits.

• Volcanoes.

• Regions indicating potential recent hydrologic activity.

• Chaotic terrain.

Probably there might be more reasons and researchers would try to find more
(scientific or non-scientific) to justify why humans need to explore the solar
system. But what it is true, is that humans’ curiosity and eager to gain more
knowledge about our own origin, might be so far the biggest reasons of why
we want to explore outer space. However, space technology is still limited to
reach and explore the surface of further away bodies. This has been noticed by
the attempts just made to Earth’s Moon, Mars and Venus and because of the
intensive research and time that must be invested in order to perform successful
missions.



Chapter 3

Planetary Rovers

A planetary rover is an outstanding tool, the main goal is to accomplish surface
planetary exploration in extreme environments, after they are commonly used
to realize with in situ research. The planetary rovers are designed to perform
autonomous activities, therefore few or no human aid is needed to achieve the
mission objectives. These mobile robots, have demonstrated that human mind
can solve issues where in this case they help to perform activities that are
and might be dangerous or inaccessible to persons. Moreover, those robots are
chosen among others explorers because they might provide data which can not
be obtained by orbital or flyby space systems (Ellery, 2000).

Actual planetary rovers’ technology, shows that it is possible to realize activities
without the aid of people and with high autonomy. However, the autonomy
feature might not be extensively used, since sometimes human rationality is
needed. Furthermore, there are many activities that rovers can not perform with
good performance. Nowadays, such activities are for example, intelligence in
decision making, visual odometry (Cheng et al., 2005), high position accuracy,
among others. External factors are also important, for example the rover’s
landing place that is not yet chosen autonomously; besides, it has to be carefully
selected since it is crucial for the mission (Grant et al., 2011).

Autonomous navigation, global position and attitude estimation on terrain,
environment mapping, recognition of features and landmarks, driving through
challenging paths, detection of hazards or obstacles, identification of science
objectives, discovery of items of interest and cooperation between rovers (2R-
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iSAG, 2010), are among others, some of the crucial activities that a planetary
rover might need to perform.

The importance of planetary rovers varies depending on the mission, they can be
to substitute human exploration, sample return, increase the crew productivity
and many other activities that a field and service robot on Earth could probably
do (Washington et al., 1999). However, the activities mentioned before would
be robust if some considerations presented in Section 4.1 were implemented.

3.1 Scientific Objectives and Instrumentation

Despite there is no consideration to give a deep explanation about the scientific
instrumentation, it is important to mention that those instruments are also
sensors used to research and do scientific analysis and measurements, that in
some future those would probably be used as localization and navigation sensors.
Devices of this kind have been specifically designed to help the robot to perform
the required scientific activity defined by the mission.

According to Falkner et al. (2007), one of the major challenges, if not the most
important of any mission, is to define the scientific objectives as well to know
how to select the instruments to accomplish it. The common instrument seen
on a rover is the spectrometer for remote sensing, and for the case of sample
characterization depends on the planet to be researched since there are also
mechanical and safety considerations to be made (Pratt et al., 2010). Besides,
the planetary rover designer must take in to account that a robotic arm would
be necessary to place scientific instruments.

The latest robot landed on Mars, the Mars Science Laboratory (MSL) rover
(named Curiosity), has ten science instruments. Such instruments are from
remote to contact sensing. Grotzinger et al. (2012) give the complete description
of the science instruments of this rover, and it is highly recommended to read
through the whole document. Besides, in the following paragraph the three
most important instruments for the scientific mission are mentioned.

The Alpha-Particle X-ray Spectrometer (APXS), which investigate the pro-
cesses that formed the rocks and soils and the Laser-Induced Remote Sensing for
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Chemistry and Micro-imaging (ChemCam) that decides which rock and soil tar-
gets are of interest and therefore, to perform the contact analysis, are two spec-
trometers. The other instrument is the Chemistry and Mineralogy (CheMin),
which is used for the main scientific goal of the mission, to identify past or
present habitable environments in the sediments of the rocks (Grotzinger et al.,
2012). The other scientific devices are mainly used for secondary missions,
like environment and atmosphere research, radiation measurements during the
travel, among others.

3.2 History

Putz (1998), mentions that Lunokhod was the first mission to place a mobile
robot at the Moon and to be remotely controlled from Earth in 1970 (Blair,
2011). The first successful landing mission on Mars was also from the Soviet
Union with Mars 3 mission1. Furthermore, the plan was to land two vehicles
but just one achieved the objective. The two landers were carrying one tethered
rover each one, the mission failed after 20 seconds of starting transmission when
one of the landers impacted Mars.

Despite the great interested to explore the space, there was a silence period
which last almost three decades to success on a Mars rover mission until So-
journer arrived at Mars in July 1997 (Bajracharya et al., 2008). The Soviet
Union tried with Phobos-2 lander mission, but this time heading to the Mar-
tian moon called Phobos, with a hopper-like rover that failed to communicate
before the spacecraft had delivered the robot (Ulamec et al., 2011).

From the period, 1975-1997 many missions failed to reach Mars although just
orbiters achieved to send information from Mars (Pellinen, 2012). Notwith-
standing the Mars 3 mission has been the first to land on Mars with a rover,
the Sojourner (or Mars Pathfinder) has been the first autonomous mobile robot
to drive on another planet; notwithstanding, the autonomy was not completely
used because of caution (Mishkin et al., 1998).

Sojourner, has demonstrated that the locomotion system (six wheels) works
well on Mars environment (Laubach and Burdick, 1999a; Taylor, 2007), besides

1http://nssdc.gsfc.nasa.gov/nmc/spacecraftDisplay.do?id=1971-049F
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three more Mars rovers have been build with this system (Bajracharya et al.,
2008). New improvements to the planetary rovers were made by placing more
cameras, robust computers, more sensors and more scientific instrumentation.
One reason to accept to add more weight, more devices, might be that new
rocket technology have been evolved leading to take heavier systems in to the
space.

Many platform prototypes, also have been developed, as consequence of the
need to test and prove the mechanisms, computers and subsystems. This rover
prototypes are from big sized to small sized robots, even some legged robot
concepts came up (Wilcox, 1992). However, just one type of rover locomotion
has been chosen by many space agencies, the six wheeled platform with rocker
buggy suspension (Taylor, 2007) but for others, as the Russian Federal Space
Agency (Roscosmos), the rover line has been conceptualized in different ways
in the locomotion like hoppers (Phobos-2 mission) and skiers (Mars 3 mission).

Although the following mission is still active, it is important to mention that
the real mission was extended (Bajracharya et al., 2008). This was the Mars
Exploration Rovers (MER) mission, where twin rovers landed successfully on
Mars on January 2004 (Spirit and Opportunity). Opportunity is still in op-
eration even that the mission was designed for 90-day surface mission. Those
rovers were programmed with semi-autonomous behavior to aid during hazard
avoidance and path planning (Erickson et al., 2007; Webster, 2011). Neverthe-
less, Spirit rover stopped sending information on March 2010 and the mission
team stopped the recovery mission on May 25, 2011.

3.3 Present

Despite, that in actual rovers has not been seen any radical change on its physi-
cal aspect (or locomotion), where all are wheeled robots, researchers and roboti-
cists have been improving the autonomy in navigation of systems.

Nowadays, there is still an active mission undergoing and was previously men-
tioned which is the Mars Exploration Rovers Mission (Webster, 2011). This
mission, with twin rovers (Spirit and Opportunity) equally equipped arrived
on January 2004 with the objective to find water and to last at least 90 “sols”



3.4 Future 18

which is approximately 3 months. NASA ended the mission of Spirit which last
communicated on March 22, 2010 (Webster and Brown, 2011), but Opportunity
continues transmitting and as consequence exploring.

At this moment there is a rover’s mission flying to Mars; the Mars Science Lab-
oratory Mission with its rover named Curiosity (Maggie, 2011). This new robot
will research the martian atmosphere; determine the distribution and circulation
of water and carbon dioxide, whether frozen, liquid, or gaseous. Concurrently,
with previous experience on rover’s development, NASA’s Curiosity has a de-
signed lifetime of approximately 2 Earth years, and drive capability of 20 km
(Muirhead, 2004; Maggie, 2011).

Actual rover technology is not completely autonomous, if by autonomous we
get the definition from (Balint et al., 2008), which states that planetary rover
autonomy includes automated data acquisition, data feature extraction, data
analysis, identification of science targets, science goal prioritization, execution
of science goals, navigation, and guidance. Sojourner and MER missions were
tele-operated from Earth since there were many constraints in computing time,
safety among other things. However, Opportunity and Spirit performed in
occasions autonomous local avoidance, since the delay time to tele-operate such
rovers is in minutes (Cheng et al., 2006).

At this moment, even that scientists have good knowledge of the faced con-
straints and engineers do extensive testing before the launch, human supervision
is needed, specially for rough terrain robots since the environment is sometimes
unpredictable (Lamon, 2008a). The last mission to Mars is the Mars Science
Laboratory (MSL) mission which would search of evidence that life existed on
the red planet(Maggie, 2011).

3.4 Future

There is a mission proposed to be launched on 2016 from the European Space
Agency, which is the ExoMars mission. The rover is scheduled to launch on 2018
and it is still in development. Some contractors have been done tests on rovers
breadboards (Hult et al., 2010; Patel et al., 2010). The main objective, with
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a suit of science instruments, is to look for life evidence on the Mars’ surface
(Parnell et al., 2007).

According to (Fink et al., 2005), new concepts for planetary exploration is
required, furthermore is necessary to think out of the box since the scientific
research might follow subsurface exploration like in Europa (Jupiter’s Moon) or
Mars (Fink et al., 2011; Price et al., 1991; Gowen et al., 2011), which requires
more complex and robust systems.

Multi-robot systems have been studied lately, as consequence of the high costs
to develop a robot that performs everything, besides some physical constraints
such as size or weight that at the end is not of practical use. This robots’
society might present more advantages for a planet exploration due that they
would cover more area, might be cheaper depending on the mission, and might
adapt to the environment more easily since each robot could require less power
to move than a big rover (Espinosa et al., 2011) uses.

Although scientists have been the only group constantly trying to find evidence
of life out of Earth, there are new entrepreneurs that are pointing towards com-
mercialization like space tourism, and even space mining. They would need
more time to develop their products, but for sure there will be new businesses
around space exploration and as consequence rovers might be the most impor-
tant tool for this new venture.

3.5 Testbeds, Prototypes and Missions

The importance to invest in test beds before a launch, is to develop robots with
all sensors as possible to later use the necessary ones for outer space exploration.
Lamentably, in some cases, special tests need to be done in situ, for instance
with the Mars Pathfinder mission; during the mission, tests and experiments
were done such as material abrasion and dust accumulation (Cook and Spear,
1997).

Lately, the platforms for experimentation have been developed with the aim to
find the best solution to achieve the scientific goals while no further physical fix
can be done (Volpe et al., 1996), so before the mission, possible issues or any



3.5 Testbeds, Prototypes and Missions 20

malfunctions can be prevented during the journey. Testbeds are important by
reason that planetary robots, present big challenges and the missions require
enormous amount of money. Accordingly, the factors not taken previously into
consideration can be fixed on time during the mission development phase.

Few surface exploration missions have been put in place or successfully achieved,
mainly United States through NASA (JPL) (Laubach and Burdick, 1999b; Ku-
lakov, 1996), and former Soviet Union through VNIITRANSMASH (Russian
Mobile Vehicle Engineering Institute) (Kulakov, 1996; Putz, 1998). Despite,
those two countries have been ruled the development of planetary rovers, also
there are testbeds developed by other countries and altogether. For instance:

• France with Centre National d’Etudes Spatiales (CNES), developed IARES-
L which was developed to demonstrate that a planetary exploration can be
done by mobile robots (Boissier, 1998; Maurette, 2003), IARES stands for
Illustrateur Autonome de Robotique mobile d’Exploration Spatiale, which
means Autonomous Space Exploration Robotics Illustrator. (Prototype)

• Japan Aerospace Exploration Agency (JAXA), within the SELENE Mis-
sion is developing the rover SELENE-2 that is a crawler system and des-
tined to the Earth’s Moon (Nishida and Wakabayashi, 2009; Kubota et al.,
2005; Grewal and Andrews, 2008; 2008). Besides, a University Institute
developed a rover testbed for lunar exploration named Micro5, both rovers
have been developed to perform unmanned mobile exploration (Kubota
et al., 2003).

• Germany through the German Aerospace Agency (DLR), is also active,
since they are developing hybrids systems, and walking machines like
SCORPION from the Lunar Exploration System (LUNARES). The main
concept is to transport a legged scout into a wheeled robot to perform
crater investigation (Cordes et al., 2010, 2011).

• In Switzerland with the Swiss Federal Institute of Technology (ETH Zurich),
researchers develop novel approaches to mobile robotics (Krebs et al.,
2010), also there is a rover platform named Solar-powered Exploration
Rover (SOLERO) which is developed by the Swiss Federal Institute of
Technology of Lausanne (EPFL), driving with just generated solar power
(Lamon, 2008b; Klinkner et al., 2009).
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• Europe through European Space Agency (ESA), is also in development of
a rover, ExoMars pretended to be on Mars by 2018 (Patel et al., 2010).

• India within the Chandrayaan mission (Matthews, 2008), will send a rover
mainly developed by Russia to the Moon by 2013.

• China, also has plans by the same year (2013) with the Chang’E mission
(He, 2003).

These two last countries are apparently considering researching more on the de-
velopment of unmanned vehicles to prove the technology capacity of the coun-
tries.



Chapter 4

Design Principles for Planetary

Rovers

“Don’t think. Thinking is the enemy of creativity. It’s self-conscious, and anything

self-conscious is lousy. You can’t try to do things. You simply must do things.”

- Ray Bradbury

Planetary rovers are required to perform autonomous navigation, maintain the
position and attitude on terrain, map the environment, as well as to look for
features and landmarks, the maneuvering through challenging paths, and de-
tection of hazards or objects of interest among other challenges (Ding et al.,
2011; Tunstel and Howard, 2002).

It is known, at least from the space sector, that to success on a mission some
design principles at least should be met. Nevertheless, the quest might challenge
unpredictable scenarios, that the developed system should solve by itself or
through software updates.

According to Hirose (1991) the robots’ locomotion can be divided in three sys-
tems wheeled and crawler systems, legged mechanisms, articulated body mo-
tion, just one kind of system has been proved to work in other planet different
from Earth, though, and is the wheeled system.

Ingrand et al. (2007), says that in order to navigate autonomously is essential
for the rover to find itself in the environment, since there are many issues during
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the mission (as was described in Chapter 2); hence, localization and navigation
algorithms must be robust enough to overcome problems. As well to establish
good communication between the rover and the ground station on Earth (Ali
et al., 2005).

Planetary robots’ platforms might be more complicated than satellites since
they require to “get use” to the environment during the travel and the explo-
ration phase. Moreover, since they usually travel longer distances, the protec-
tion from cosmic radiation is extremely necessary. Therefore more care is given
to them when designing. Also, rovers need to endure the landing or some-
times impacts against the planet or moon where the exploration mission will be
executed in addition to the environmental factors mentioned in Chapter 2.

4.1 Challenges and Considerations

Planetary robots present challenges that should be thought before the mission,
and they must be taken in to consideration during the development phase. Such
challenges might have a direct impact on the behavior of the robot, they can be
during the launch of the spacecraft, the current mission or even the development
of the robot.

The importance of autonomy on planetary robots might rely on two premises,
one of them is commonly known: human intervention is limited to tele-operation
(probably leaving for the ground station to fix computer systems, some naviga-
tion and emergency controls (Mishkin et al., 1998) or software updates). The
other premise shall be that the distances are so large, the communication time
delay prevents good or even none control by remoteness operation; for instance,
transmitting a signal to Mars has an approximate 20 to 30 minutes delay in
communication, but also varies w.r.t. to the communication bandwidth (Ellery,
2000).

Sojourner gave to the researchers, information about considerations that must
be implemented while developing a planetary rover. Besides Washington et al.
(1999), lists some of them in order to have a robust autonomy on the rover,
for instance: specify different behaviours according to the environment, keep
control and track the resources, failure recovery, a good system to perceive the
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environment, hazards avoidance (not just obstacles) since it is necessary to keep
safe the robot while the traverse, few interaction with the ground station, team
communication between designers and to keep the system complete since all the
subsystems depend on each other to accomplish the mission.

It is of important matter to define the challenges that a planetary robot will
overcome during the mission, in terms of autonomy and making an emphasis on
localization and navigation systems. Also, considerations for the sensors are of
great importance since the sensor systems of autonomous robot platforms are,
in a way, the eyes, the sense and the perception; and give an overview of the
environment that surrounds the rover (Ishigami et al., 2005).

Researchers have encountered that planetary rovers must meet specific require-
ments in order to achieve the goal of the mission. The rovers, as seen in other
missions (Mishkin et al., 1998; Crisp et al., 2003), also face issues during the
flight (Bejczy, 2006). Furthermore, Bejczy (2006) mentions facts that most be
contemplated for space applications in extreme environments, but the aspect
taken for this paper is to have enough and safe local autonomy.

There is a large volume of published studies describing that it is dead serious to
give planetary rovers the necessary autonomy to perform a safe navigation, fur-
thermore, to carry out the scientific objectives (Pingyuan et al., 2006a; Tunstel
and Howard, 2002; Woods et al., 2009; Patel et al., 2010; Reina et al., 2006b;
Ingrand et al., 2007; Biesiadecki et al., 2007). According to Cheng et al. (2006)
localization must be continuously tracked since is one of the biggest concern
of rovers. Although, this localization issue could be seen as the most impor-
tant, more dangers can be suggested where a rover could come upon while on
ground. Undetectable holes covered by dust (Bejczy, 2006), unstable surfaces,
slopes, cliffs, rocks, craters, boulders, etc. (Ishigami et al., 2005).

Slippage is another problem that mobile robots commonly face, especially in
rough terrain with loose soil. A good study on this field lead to the robot to
follow the optimal path and behavior of the system(Iagnemma et al., 2004a;
Ishigami et al., 2006).

Despite the delay time for communication would be solved with a robust au-
tonomy algorithm, it is of importance to position the rover in order to create
a good link between the Earth and the rover or between the Orbiter and the
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rover (Bajracharya et al., 2008); having a good communication link permits to
establish good data transfer for the scientific goals.

Also, according to the physical environment of the place where the rover would
operate, the type of sensors to be used should be considered, not all the sensors
work in all places. Even that, the optimal sensor for the application might
exists, other constraints above mentioned should also be considered. Moreover,
a planetary rover sensor system must comply with the mission when talking to
mass, volume, power in the space environment as said by Tunstel and Howard
(2002) and Washington et al. (1999).

4.2 Sensors

According to Christensen and Hager (2008), the role of the sensor system is to
inform the state of the robot and the environment in order to use such infor-
mation to control de robot behavior and systems, from high level algorithms
(decision making, artificial intelligence) to error guidance for navigation con-
trollers. Some researchers, agree to classify the sensors (Ellery, 2000; Everett,
1995; Christensen and Hager, 2008) depending on the working principle like
detection and range to obstacles. Although they classify according to how they
work, they also separate the sensors in two main types, proprioceptive and ex-
teroceptive. The first set measures the internal state of the robot like position,
temperature, voltages, currents, forces, among others. The second set measures
the external factors for example, distances to objects, wind, radiation, etc.

However, one single sensor can’t give all the information required to have a
system totally autonomous; therefore, there are algorithms that help to com-
bine information from multiple sensors named sensor fusion. The sensor fusion
method takes the information from multiple sources to integrate them and get
a single signal. According to Sasiadek (2002), they are classified in probabilis-
tic models (for instance Bayes), least-squares techniques (like Kalman filtering)
and intelligent fusion (as genetic algorithms). When sensor fusion is performed
the expected result is to get measurements more reliable and trustful (Lamon,
2008b).

Christensen and Hager (2008), give a list of the most important considerations
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to take when developing a sensor fusion system and in order to find a good sensor
model, those are to create a physical model, to determine a sensor calibration, to
determine the error model and to identify failure conditions. When the sensors
are adequately modelled in equations the data fusion algorithms have good
performance leading to a rewarding interpretation from the robot’s environment.

4.2.1 Importance of Sensors

Among roboticists and scientists, sensors are the most important part for a
robot, due to the fact that they are the perceptual subsystem which interprets
the environment where the robot is performing the tasks. In the same way
as generic mobile robots, planetary rovers, have been also improved (Schenker
et al., 2003) in hardware and software. However, those improvements can not
been implemented yet after the launch (hardware), so usually, such missions
have similar mobile science platforms on Earth, which are used to boost the
functions or correct any issues during the mission like Rocky 7, Sample Return
Rover (SSR), Field Integrated, Design and Operations (FIDO), Lightweight
Survivable Rover (LSR), among others (Hayati et al., 1997; Huntsberger et al.,
2002; Baumgartner et al., 2000; Tunstel et al., 2004; Schenker et al., 2001).

4.2.2 Type of Sensors

Sensors should be carefully selected to give the rover the best possible overview
from the environment (the most accurate), also to achieve precise information
about the surroundings, so as to now about hazards or targets of interest. It
is preferably to use few sensors and deal with less information retrieved, so the
data analysis is has less computation. Although, to have a reliable navigation,
a sensor fusion approach, as said above is recommended. This will help to
integrate data from different sensing principles since in some occasions exter-
nal factors influence the behavior of some sensors like darkness for cameras or
medium density for ultrasonic sensors.

Here is a list from Everett (1995) with some modification of some sensors used
for mobile robotics:



4.2 Sensors 27

• Dead Reckoning: Odometry sensors (Potentiometers, Encoders), Inertial
Navigation sensors.

• Tactile and proximity sensors (Magnetic, Inductive, Capacitive, Ultra-
sonic, Microwave, Optical).

• Ranging sensing (Triangulation, Time of Flight): StereoVision, Laser
Scanner, Ultrasonic, Interferometry, Radio Frequency.

• Magnetic Compasses.

• Gyroscopes.

Below, there is a rough explanation of the sensors that are commonly used for
generic mobile robotics with comments where is possible to use in planetary
rovers.

Gyroscopes

It measures the orientation based on a relative position, it measures the Coriolis
acceleration. These kind of sensors are used to calculate the roll, pitch and yaw
angles. They suffer from drift, due to the technology principle, and this drift
affects the entire reading, but one way to avoid this is to reset the sensor (setting
zero again) (Borenstein et al., 1997).

However, there different working principles, there is another kind of gyroscope
which is the fiber optic gyroscope (Yu et al., 2006), it uses the interferometry
principle of Sagnac, where a beam of light is split in two and later passed through
fiber coils in opposite directions to measure the angular acceleration. Some of
the advantages is that there are no moving parts, smaller, better reliability than
the mechanical gyroscopes(Zheng, 2010).

Tactile sensors

Even that the concept is simple it is of great use in the robot’s manipulator
since fine manipulation can be done, measure forces with artificial skin (Ellery,
2000) while collecting samples, stress among others.



4.2 Sensors 28

Accelerometers

Accelerometers are important components to measure, as it names implies, ac-
celeration. With the known acceleration, the distance and velocity parameters
can be calculated; although it is important to remark that sensors of this kind
are very noisy and very sensitive. These sensors can also be used as tilt sensor
by using the acceleration vector in the three axis. Besides, if they are used
together with gyroscopes information of the robot’s state up to 6 degree-of-
freedom (DOF) can be measured, this kind of embedded sensor is called Inertial
Moment Unit (IMU).

Inertial Measurement Unit

Inertial Measurement Unit, better known as IMU is a junction between ac-
celerometers and gyroscopes in order to find the attitude of the rover, at least
relative to its lost value. There are some considerations for the gyroscopes since
they experience a drift so they need to be calibrated again, that is the main
reason to use an absolute heading sensor. Besides, gyroscopes need to now the
tilt angle to compute real angular acceleration and the accelerometers are very
sensitive to vibrations that might include spurious measurements while should
not.

Proximity sensors

Sensors of this kind, use different phenomena background, such as sensing the
induction or capacitance of objects, even laser technology can be included but
the information that might know will be missed (Matijevic and Shirley, 1997).
These sensors are used mainly for an emergency, to detect hazards that other
sensors cannot detect; nevertheless, the proximity sensors, are used for detection
and not for ranging.

Magnetic Compasses

A very useful sensor, especially because it gives absolute heading information
which is of vital importance for a mobile robot. However, this kind of sensor
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is only used in environments with a magnetic field (Earth), preferably with a
stable field. These sensors are not useful in Mars or Moon, and other approaches
for absolute heading are needed explained below, such sensors are not used there
because those bodies lack of magnetic poles.

Vision systems

The vision system has been the common device used on scientific platforms, in
many ways, from scientific purposes, navigation, localization and health state
of the rover (Cheng et al., 2006; Brooks et al., 2006). It is predictable that
the camera itself can not be used directly for obtaining information from the
environment, rather the picture taken needs to be processed by imaging algo-
rithms in order to obtain data of interest. The image processing is a complex
procedure that sometimes due to a computation restriction (computing time,
processor) the complete functionality can not be used (Cheng et al., 2006).

For obstacle detection in long range traverse, the vision system is an important
feature. Even though it is preferably to have a broad Field of View (FOV) to let
the system to locate obstacles, sometimes might be self-defeating as was found
in the exploration area of Opportunity rover to later reconfigure the system to
have a constricted FOV images (Biesiadecki et al., 2007).

It is not a surprise that vision systems are the most used for planetary explo-
ration on rovers, it can be seen in all the successful applications with the aim to
give autonomy to a platform. Vision systems are widely used for different appli-
cations, such system is very handy to use for different purposes as navigation,
localization, and scientific research.

Some constraints come when using this type of systems and probably the most
important is the light, so, practically the system will work during daylight, if
the mission is on dark sides of a planet or moon, active sensors must be placed
in order to avoid obstacles, or any other hazard for the rover. There is a case
of a lunar rover prototype, SCARAB, from Carnegie Mellon University which
uses active sensors for scanning reason (Wettergreen et al., 2010). Having an
on-board computer just dedicated to image processing, gives the possibility to
explore planetary surfaces more quickly and safely (Bartlett et al., 2008).
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Potentiometers

Potentiometers are sensors commonly present on suspension systems as in So-
journer (Golombek, 1997) to know how the boogie suspension tilts. The same
concept was applied for the Mars Exploration Rovers (Biesiadecki et al., 2007),
where three potentiometers have monitored the state of the suspension with
the intention to stop any motion in case such suspension is located outside the
working range.

Laser scanner

In the case of the range finders with laser principle, these kind of sensors are
probably the must used for Earth-based mobile robots, but is not considered
so obvious for the planetary applications as consequence of the use of sensitive
mechanisms to make it work and this device might not survive during the launch
or land. They work with the principle of time-of-flight (ToF), where the mea-
surement obtained is the range to an object with respect to the sensor according
to the time when the pulse is sent and when the echo is received (Tunstel and
Howard, 2002). For the case of laser scanning there is a high volume of data
retrieved to the computer, so it is suggested that the amount of time taken by
the computer to perform the information should be considered. However, some
researchers have proved that there are some algorithms that seem to be fast
enough for planetary exploration purposes like the works presented by Carle
and Barfoot (2010); Osinski et al. (2010); Rekleitis et al. (2009) for the case of
a scanner laser system.

Ultrasonic sensors

Ultrasonic sensors could be used but it needs to be calibrated to be used on
different atmospheres; the accuracy is also a consequence of why this type of
sensors should not be used due that the measurement relies on a beam width
where the closest distance is measured, and perhaps missing to measure im-
portant features or obstacles (Schilling and Jungius, 1996; Lee et al., 1996).
Also, this sensor has some limitations as consequence of variations in the wave
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propagation, and problems in the electronic circuit for detecting the echo (Kam
et al., 1997).

Ultrasonic sensors, in Earth-based robotics are commonly used for obstacle
detection and distance measuring (Delepaut et al., 1986). However, such sensors
can not be used for Earth’s Moon exploration as consequence of the lack of an
atmosphere, in other words there is no medium where the sound can travel, in
that case another way of hazard detection or range finder needs to be chosen.
Although in Mars these sensors can be used, some variations on the physical
working principles and parameters must be changed first.

Sun sensors

The absolute attitude on a rover is probably the most difficult estimation to
made since there is no global positioning system and the sensors developed
heretofore are for Earth’s environment, and still not so accurate for that purpose
(Ali et al., 2005; Pingyuan et al., 2007).

From some years until know, there has been research that is focusing on the
attitude issue (Trebi-Ollennu et al., 2001; Pingyuan et al., 2006a; Furgale et al.,
2011). Furgale et al. (2011), says that sun sensor is reliable to estimate the
absolute orientation, heretofore, calibrate the gyroscopes and therefore, get a
better estimation on the position. The use of a sun sensor is not a new concept,
it was recommended after the review of the Sojourner’s mission (Enright et al.,
2009; Taylor, 2007). Lamentably, a specialized sun sensor has not been yet used
in recent missions, not even on the Mars Exploration Rovers (MER) mission,
due to weight and space restrictions. However, the concept that was used
was a camera mounted in each rover (Trebi-Ollennu et al., 2001), and in some
opportunities point out the camera to the sun to perform calculations for the
heading angle and to reset relative position sensors.

Radio waves

According to the previously said, apparently might be implied that the sensor’s
suite from a rover is just used for navigation while exploring, but it has not to be
forgotten that the mission also includes the landing. The impact or landing spot
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is crucial for the localization of the robot, for that case other kind of technology
could be used to triangulate among systems (orbiter, rover, lander) already at
the planet of interest. Radio localization and a vision system is used to solve
this and as consequence a global position might be given to the rover. So far
the last two Mars’ missions, performed a localization with respect to a reference
in this case the lander and aided with the orbiter (Maurette, 2003).

Encoders

Wheel encoders are commonly implemented in mobile robotics; despite they
are useful for estimating the positioning, they are not the most reliable or
trustful sensors for this purpose. Encoders are used with odometry (wheel
odometry/dead reckoning) algorithms to track the velocity and the localization
of the rover, furthermore it can be used to perform a health analysis in case the
rovers needed (Hoffman et al., 1999; Fuke and Krotkov, 1996).

GPS pseudolites

Actual investigation is going on global positioning for rovers, like Global Po-
sitioning System (GPS), on Mars in order to know with better accuracy the
position of the mobile system in centimeter level, therefore, to get a safer naviga-
tion. Such system, is probably expensive so LeMaster and Rock (2003), presents
a system called a Self-Calibrating Pseudolite Array (SCPA) that can provide
high localization accuracy for mobile science platforms by utilizing GPS-based
transceivers deployed in a ground-based array and therefore, they are named
GPS pseudo-satellites (LeMaster et al., 2003; Tunstel and Howard, 2002).

LIDAR

Herbert et al. (1989), proposed for a conceptual surface exploration mission to
use for Ambler rover (a legged system) active range sensing. The scanning laser
range finder was chosen. Although from 1989 was proposed, it has not been
used in any mission. Sojourner had a system integrated of laser stripes and
camera for obstacle detection (Mishkin et al., 1998), that perhaps it has been
the closest approach ever used in a rover mission to the LIDAR principle.
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The main reasons of why they have not been implemented yet might because
of weight, space and power constraints or even from mechanical complexity due
to the uncertainty of the device survival (Tunstel and Howard, 2002). Rekleitis
et al. (2009), have done some experiments with LIDAR information for plan-
etary rovers testbeds, since the accuracy obtained by a laser scanner could be
between 1-2 centimeters rather than stereo vision where the accuracy is inferior
(Lin et al., 2012).

Nevertheless, although there are multiple sensors in the market, the devices
must fulfill some requirements and not just for the exploration. Furthermore,
Tunstel and Howard (2002), mention that sensors must accomplish some specifi-
cations like rover size, payload capacity, power availability, thermal limitations
and radiation tolerance1. Besides, legal and political considerations must be
included.

4.3 Localization

Different authors have been using different algorithms for localization and navi-
gation in mobile robotics. However, for planetary rovers there are few documen-
tation of tests with a variety of algorithms since there have been two missions.
According to Sakai et al. (2009), Extended Kalman Filter (EKF) is the most
common algorithm used for rover localization. The EKF is used mainly for
estimation in real-time of nonlinear systems, where the filter’s principle stands
linearizing a non-linear system (Bar-Shalom et al., 2002). EKF is useful for
fusion two or more sensors in order get a better estimate, in this case, the po-
sition of the rover (Baumgartner et al., 1998). Also, Baumgartner et al. (1998)
mention that the accuracy of the fusion depends on the driving system of the
rover and the model of the system.

The work done on sensors for getting the pose of a robot has demonstrated
that it is highly important to get trustful information mainly from angles than
distances (Lamon, 2008b). This relevance comes from outdoor robots, because
information from perception sensors might be not useful and the estimation
would prevail mainly on the attitude, in other words by knowing the heading

1It is advised to read thoroughly (Tunstel and Howard, 2002)
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angle and speed information of the robot the pose estimation can be known
(dead reckoning).

Furthermore, for a rover, is crucial to know its heading angle since the life of
the mission depends practically on it. The rover’s attitude allows the ground
station to determine the bandwidth of communication. Furthermore, the rover
can align to the optimal pose to get power from the sun, and even track some
slippages. (Ali et al., 2005).

Researchers have been investigating constantly to get better performance on
localization algorithms (Baumgartner et al., 2001; Carle and Barfoot, 2010).
Some algorithms are used more than others (Baumgartner et al., 2000), and
some has been modified to create derivations of previous filters (Wan and van der
Merwe, 2002; Rigatos, 2010). Besides, the way of work is through testing and
comparison among the different filters. Also, it has been proved that in some
occasions one filter performs better than others and depends mainly on how well
the environment was understood (degree of the equations, the mathematical
model, etc.), in other words how well the nonlinear equations were expressed in
the algorithm, so the world’s representation is the most accurate possible one
(Wan and van der Merwe, 2002).

Below are presented some techniques used to estimate the pose of mobile robots
with a brief explanation of its principle, that according to literature they have
two stages: time update (prediction stage) and measurement update (correction
stage).

4.3.1 Extended Kalman Filter

One of the most widely algorithms used for optimal estimation in nonlinear
equations is the EKF, it performs a linearization of the nonlinear equations
(state and measurement equations) and optimization based in the least mean
squares, in order to approximate the pose of the robot since the information
comes in discrete time (Rigatos, 2010). EKF, has been used for more than 40
years and as consequence it is well known among the robotics community (Julier
et al., 2000). Although, it is old and new filters have appeared, this technique
is still used, especially in systems that are almost linear (Grewal and Andrews,
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2011), and assuming that there is Gaussian noise in the system (Kotecha and
Djuric, 2003).

Notwithstanding, almost all the systems are nonlinear and as consequence some-
times difficult to model. Conclusions from papers and through extensive testing
have been found to say that EKF is hard to implement, difficult to tune and
not well behaved in systems where the parameters change suddenly, or from sen-
sors’ measurement even some singularities might occur if is not well modelled,
as consequence the filter diverges or might lead to a poor localization (Wan and
van der Merwe, 2002).

4.3.2 Unscented Kalman Filter

According to (Wan and van der Merwe, 2002), EKF has shown divergence be-
cause of the linearization, as consequence deficient. They proposed to employ
an Unscented Transform (UT)method in order to avoid the linearization of the
model, instead there is a transformation through sigma points, which are a set
of points (weighted samples) chosen with properties from the model (mean and
covariance) (Julier et al., 2000). An advantage over EKF is that no Jacobian
or Hessian matrices computation is needed, and over the well known Particle
Filter (PF), is that Unscented Kalman Filter (UKF) requires less sample points
to generate the approximation (Rigatos, 2012), and perhaps the computation
speed might be faster.

4.3.3 Information Filter

The Information Filter (IF) is a great tool when using decentralized data fusion
(Zhang and Wang, 2010). The basic idea is to use the information (measure-
ments) and using the inverse of the covariances matrices and with them repre-
sent the Gaussians (Liu, 2011). The advantage, according to (Bar-Shalom et al.,
2001), relies on that has faster performance than Kalman Filter since the major
computation done is with the measurement noise covariance matrix, which is
mainly diagonal. As consequence of the fast response it can manipulate large
data flows (Hanani et al., 2001).
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Developments on IF has been done, like creating extensions as the Extended
Information Filter (EIF) which is doing in practice the same procedure as the
EKF, and perhaps having the same issues presented in EKF (Lee, 2008). Fur-
thermore,(Lee, 2008), developed a Unscented Information Filter (UIF) which is
based on the UT as the UKF. Besides, there is other UIF implementation which
the difference between the filter developed by (Lee, 2008) and (Kim et al., 2008)
is that the first one uses a statistical linear error propagation and the later is
based on a minimum mean square error estimation(Liu, 2011).

4.3.4 Particle Filter

Another technique for state estimation is the Particle Filter, it needs less a
priori information about the statistics of the measurements and state variables
(Rigatos, 2012). Furthermore, the estimation done by this filtering method is
that can be used for non-Gaussian state-space models. The PF has its basis on
a representation (discrete) of the posterior Probability Density Function (pdf)
while using weights and avoiding the use of the gradients with discrete sums
(Jain et al., 2011), and tries to estimate the whole trajectory for the case in
mobile robotics (Gustafsson, 2010). Sequential Monte Carlo (SMC) method is
another name given to PF (Jain et al., 2011), probably because uses Monte
Carlo Simulation, but still most of the literature found, gives the name of PF.

According to Rigatos (2010), the PF is not popular within the industry because
of the lack of explanation and documentation, as consequence it is not widely
known; besides, the estimation of real time applications, needs fast computation
and for the computers used in the industry this filter would be really slow
because of the large amount of samples (particles) used to estimate.

Although, according to the literature reviewed says that PF is a good esti-
mator in certain occasions this technique is not of practical use in estimation,
such as the cases presented by (Gustafsson, 2010): motion in three dimen-
sions, more dynamic states (accelerations, unmeasured velocities, etc.), or sen-
sor biases and drifts.Those are probably this filter should not behave well for
for mobile robotics but further discussion one of the paradigms for Simultane-
ous named fastSimultaneous Localization and Mapping (SLAM) (Thrun and
Leonard, 2008).
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Nonetheless, not all the filters can be described here; however, here are men-
tioned more filtering techniques that might be of great interest for the reader
as the Divided Difference filter (DDF) (Nørgaard et al., 2000), Quadrature
Kalman Filter (QKF) (Arasaratnam et al., 2007), Gaussian Sum Kalman Fil-
ter (GSKF) (Alspach and Sorenson, 1972), Point Mass Filter (PMF) (Kramer
and Sorenson, 1988), Rao-Blackwellized Particle Filter (RBPF) (Stachniss and
Stachniss, 2009), Augmented Kalman Filter (AKF) (Hassanzadeh and Fallah,
2009), Fokker-Planck-Kolmogorov Equation (FPKE) (Challa and Bar-Shalom,
2000), Derivative-free Kalman Filter (DKF) (Rigatos, 2012).

According to the multiple algorithms found probably the fine localization of a
planetary rover or any mobile robot is the most important part regarding to
perform autonomous navigation.



Chapter 5

The Rover

“Si no luchas ten al menos la decencia de respetar a quienes sí lo hacen.”

- Jose Martí

Outdoor mobile robots present more challenges than indoor robots, since the
environment is more defiant for example there is absence of landmarks or a map,
the ground is uneven, among others. Nevertheless Espinosa et al. (2011), say
the contrary and try to argument that indoor robotic localization is easier to
perform than outdoor, but one of the limitations with this explanation is that
it does not considere the environment, accuracy and performance needed for a
robot, therefore to confirm how easy is to locate the robot.

The study made in this thesis, is for a robot platform that main objective is
to navigate autonomously in an agricultural field with rose-pots. Furthermore,
similar to the challenges that planetary rovers face, the robot presented will meet
to the uncertainty of the environment and lack of global position information
or a Global Positioning System (GPS).

However, the implementation of localization and navigation algorithms will en-
able the robot, to locate itself in a global map in order to have good control on
the navigation of the mobile platform. The robot was developed by a joint team
of nine students from the Aalto University (Aalto) and University of Helsinki.
Besides, the author is part of the developers of the robot. The robot design and
programming activities started on September 2001 and was finished on June
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2012. In order to clarify, from here to later the robot will be called RoseRun-
ner (RR).

5.1 Author’s role in the team

The development of the robot required a group of students and a specification
of the roles to be performed by each member. However, the roles were flexible in
order to participate and learn from activities different from the member’s area
of expertise. Despite, the development of the robot was the main objective, a
simulator of RR with multiple field scenarios was developed. The importance
of the simulator’s implementation was to corroborate the algorithms previous
to be implemented into the robot and as consequence debug the failures on the
logic and tune some parameters. The author’s role in the simulator was the
development of a script able to generate different map scenarios and test the
possible behavior of the sensors’ suit of RR.

Also, the author was involved in the mechanical design and development of the
robot by joining the working groups of the suspension system, flowerpot collect-
ing system, GPS and compass, definition of the target detection and implemen-
tation of localization and navigation algorithms. Furthermore, the implemen-
tation of Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF)
algorithms planned to be in the robot has been studied in this research.

Nevertheless, the navigation algorithms were excluded for the thesis, since the
design and development of RR required dedication and time. As consequence
just the localization algorithms were pursued, and as it was explained in the In-
troduction, the study of the localization algorithms was made with the datasets
of the competition.

5.2 Objective of the Robot

The robot was designed to compete in an international competition held in
Venlo, The Netherlands from June 28thto30th. This competition was the 10th

edition of the Field Robot Event which shows a vision of the future of modern
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precision agriculture. It is an international field robot competition where the
robot should achieve of autonomously, up-to five different tasks. Three tasks
are averaged for the World Championship1.

5.2.1 Contest Tasks

Basic

The basic task required the robot to navigate autonomously through rows of
flowerpots (5.1) and cover the greater distance possible. Some penalties were
given by human intervention or by tipping over any flowerpot. Also the possible
field configuration can be seen in figure (5.2a).

Figure 5.1: Flowerpots field

Advanced

The main objective was to drive autonomously along rows chosen by the jury.
Which is similar to the previous task but with the complexity that there might
be gaps between the rows and blocked rows as can be seen in the possible field
configuration figure (5.2b).

1http://www.fieldrobot.nl/
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Professional

The concept was to make the robot able to take flowerpot orders, to find, get
and bring them to the delivery point. This was more opened since, the optimum
path to the robot can be used or simple navigation as the first task, but with
the complexity to find a target and to deliver it to the place where the robot
started. Although, the field is similar to the previous task, (Advanced) the
jury selects a target arbitrary which will be in the same position for all the
competing teams.

Freestyle

The freestyle task was an open competition to show anything that the robot
could do or any new system developed and preferably to be related to the flower
industry.

Cooperation

The last task was to create a cooperation activity with other robot from the
competition.

(a) Basic (b) Advanced/Professional

Figure 5.2: Possible field configuration during the contest
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5.3 Characteristics of the Robot

5.3.1 Locomotion

The robot is a four wheel steering vehicle (4WS) and four wheel drive with
differential in each axle. The steering angle has a maximum of ±15◦, and allows
to the robot to make deep turns. Figure 5.3 shows the all-terrain suspension
and they demonstrated to have good stability. However, the system does not
perform properly when the robot is drove with high acceleration changes.

Figure 5.3: The suspension and axle modules shown

5.3.2 On-board Computer

The sub-system is composed of three computers. Each one is dedicated to a spe-
cific computing subsystem classified in navigation, localization, machine vision
computers. Those computers communicate through UDP protocol each other.
Furthermore, in order to read the sensor information the CAN bus (now ISO-
11898) standard with a USB converter which is plugged to the positioning PC.
Besides, Table (5.1) shows the different programming languages and operative
systems used in each computer for the classified subsystems mentioned above.
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Computer Model Description

Positioning PC Fit-PC2i-1600 MHz Windows XP. Matlab and Vi-
sual Studio. Used as a server
for RUI.

Navigation PC eBox-3350-1000 Mhz Windows CE.

Machine Vision PC Fit-PC2i-1600 MHz Windows XP. LabView.

Table 5.1: On-board Computers

5.3.3 Accompanying Systems

Nevertheless, the Figure 5.4 displays that RoseRunner (RR) was not the only
system developed for the competition, in addition two more were developed.
Those systems were to accomplish the professional task and the freestyle. For
the professional task, a robot-trailer named Bucket Grabbing System (BuGS)
was built to make the system able to pick up a flowerpot per order. This system
is pulled by RR and is able to detach from it in order to grab the desired
bucket. It was built with complete autonomy capability and independent from
RR, which in other description it is a secondary robot (two wheeled differential
driven). The other accompanying system is an intelligent fertilizer trailer. This
trailer spreads the right combination of solid fertilizer to the plant and according
to the amount of nitrogen measured from the plant on request with a vision
system (Hafrén et al., 2012).

5.3.4 Sensors

There are different sensor technologies used on the robot, for example a laser
scanner, RangePack (RP) sensors (conformed by a UltraSonic (US) and Infra
Red (IR)) among others and they are described in Appendix C.1. These sen-
sors were chosen to obtain as much information as possible to represent the
environment. Besides, these sensors were used to give a better estimate for the
robot’s pose in a global coordinate system and as consequence some of them
were fused. This is as consequence that sometimes the sensors cannot provide
information that others might supply in some situations, for instance, when a
vision system is lack of illumination, has low reflectance from an object, etc.
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Figure 5.4: The three systems used during the competition

Moreover, Figure 5.5 shows how the sensors were positioned in order to get the
readings from RR sides and front.

5.4 Algorithms Implemented

Since previous contests, where other Finnish teams also participated, algorithms
of different kind has been implemented to solve localization and navigation
issues. For this occasion, the algorithms were classified to accomplish the most
important objectives of the robot. The algorithms were distributed among the
team to achieve the goal within the time for the contest; despite that here
are briefly described they are not part of the scope of the thesis; however, some
information in order to compare the algorithms will be found. The classification
of the algorithms are:

• logic algorithms (high level logic control),
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Figure 5.5: Position of the sensors in the RoseRunner

• row localization algorithms (localization),

• row end detection algorithms (navigation),

• row navigation algorithms (navigation) and

• turning algorithms (navigation).

During the competition one of each category was chosen manually; neverthe-
less, the desired solution would be that the system intelligently chooses the most
suitable for the corresponding activity (localization and navigation). Notwith-
standing the absence of an intelligent and decision making algorithm, some tests
were conducted by the team to each algorithm previous to the competition to
find the optimal ones, but not without trying them in the simulator.

The logic algorithms include the Local User Interface (LUI) and a Remote User
Interface (RUI) or Graphical User Interface (GUI) where the user can interact
and modify some parameters directly from the robot or from a remote computer.
Besides, the interfaces are useful since the user can decide which localization
or navigation algorithm to use. Despite that each of the three championship
ranked tasks were similar sometimes it requires to perform turns or detect if
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the robot is inside a flower row, and for reason row end detection algorithms
were developed with a probabilistic approach to estimate if RR is inside or
not the row and as consequence chose where to perform the turning algorithm.
For the localization and navigation algorithms, in the Figure 5.6 are presented
the two standardized variables for all the algorithms in order to introduce the
same outputs/inputs into the block system; those are the error distance from
the center line of the row (dRow) and the difference of the angle (alphaRow)
between the heading angle (ψ) and the angle of the flower row (θ) from the
field.

Figure 5.6: Standardized vari-
ables (Hafrén et al., 2012)

Also, a quality factor algorithm was devel-
oped which is computed with the valid RP
measurements and the error of the row angle
estimation from both sides of the robot. The
quality factor indicates how trustful is the po-
sition estimation when the robot is inside a
row (Hafrén et al., 2012).

5.4.1 Localization

Different algorithms have been developed to
accomplish an accurate estimation of the lo-
calization of the robot, according to the ad-
vances made in one algorithm, another of bet-
ter performance was implemented to continue to develop and to make the po-
sitioning system robuster than the previous by using more complex algorithms.
However, as the thesis requires individual work, two special positioning estima-
tion algorithms were implemented carefully to get more robustness and relia-
bility from the sensors. More description on those algorithms will be presented
in Chapter 6.

Algorithm A

This algorithm, take the information from the RP sensors. They measure the
distance from the robot to the flower row in meters, such information is included
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in (5.1) and (5.2) to compute the parameters that will be send to the navigation
control scheme. However, this algorithm is not configured to clean the signal
from the noise that in fact affects the performance of the localization.

alphaRow = arctan ((rp2− rp3)/RPLongitudalDistance), (5.1)

d = (0.5(rp1 + rp2) + 0.5(RPSideDistance)) cos (alphaRow)− rowWidth

(5.2)

Algorithm B

For this algorithm, the Hough transform is used in order to calculate the po-
sition of the robot inside the row. A 2-D laser scanner is used to measure
the distances, and as the ranging throws many measurements per each run,
the Hough transform is very useful. The Hough transform is used for line fit-
ting, because of the flowerpot row which resembles in essence to lines. Further
explanation of the equations can be found in Hafrén et al. (2012).

5.4.2 Navigation

Row end detection algorithms

Two algorithms of this type were developed with aims to detect the end of the
row and as consequence perform the turning algorithms. One was using a laser
scanner and the other the RPs. These algorithms detect whether the robot is
inside the row or not and as consequence different jumps can be made inside
the localization algorithm to detect when the row ends and the robot must stop
the row driving and begin the turning sequence.

Algorithm A

A Proportional Integral Derivative (PID) controller is used for this algorithm
which controls the position of the robot with respect to the center line between
flower rows. The output of the controller goes to the front and rear wheels
(steering angle).
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Algorithm B

For this case, two PID controllers were used to correct the angular and the
position error from the center line (previously described). Also the outputs
were the front and rear steering angles.

5.5 Planetary Rover and Wheeled Robot

Which came first, the chicken or the egg? It is a very well known dilemma
which questions the origin of things. For our case probably is better to question
which came first, the rover or the robot? In this case probably it is too obvious
and easier to answer; since, to develop planetary rovers first it is needed to
develop a testbed or prototype which works on Earth (Fink et al., 2011; Wilcox,
1992; Wettergreen et al., 2010; Washington et al., 1999). Apparently there
is no special activity that a rover on Mars could not perform on Earth, and
furthermore, the rovers are built on Earth. So the real questions are: what
makes them different? How to take advantage from an Earth’s based robot?

The robot developed for the contest can be related to the phrase: failure is not
an option 2, since for the contest and for a surface exploration mission everything
should be done carefully because there is only one chance to accomplish the
objective.

The contest, as was described a priori, consists of three tasks that the robot
must perform as best as possible. The most interesting task for the compari-
son is the professional, which contrasted with a sample return rover mission is
practically the same. It has the requirements to find the target, avoid obstacles,
navigate to the target, grab the sample (or flowerpot) and bring it to a delivery
spot. Moreover, both robots do not use a Global Positioning System (GPS)
which would make it easier to locate them in a global map.

A considerable amount of literature has been published to solve issues about
robots as the case of localization, and navigation algorithms, among others. Be-
sides, research about mobile robotics is mainly for Earth’s based robots (Wash-

2Extracted from the book: Failure Is Not an Option: Mission Control from Mercury to
Apollo 13 and Beyond from Gene Kranz
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ington et al., 1999). However, those works are to wide and usually lack of
a commercial application. On the other hand, when looking through space
robotics literature, there is a considerable amount of literature which acknowl-
edges that many studies should be made first extensively about the planet or
moon on interest (Fink et al., 2011; Brunskill et al., 2011; Schulze-Makuch et al.,
2005), thereafter design the rover in order to send it to explore.

Nevertheless, there are other similarities that both systems hold, for instance
the localization algorithms. Actual rovers, as was described in Chapter 3, use
Extended Kalman Filter (EKF) to estimate their pose as was used to analyze the
data from RR. In addition, to the implemented algorithms for localization on
rovers, research on the implementation of the Unscented Kalman Filter (UKF)
has been going on (Kuroda et al., 2010; Sakai et al., 2009). Furthermore, an
interesting fact is that one of the first applications of the Kalman Filter (KF) was
in Apollo’s on-board guidance system although this was not exactly developed
for the space sector (Grewal and Andrews, 2008; 2008).

Notwithstanding, the sensors used for RR are hard to compare with the rovers,
due to the fact that most of them are not used in planetary rovers. The rovers
use a vision system as its principal pose estimation sensor, due to the lack of
sensors that work on different environments than that from Earth (Webster,
2011; Matijevic and Shirley, 1997; Cabane, 2011; Tunstel and Howard, 2002).
Despite a vision system was implemented into RR although it was not used for
the research of the thesis since the scope of the work probably would be too
long for the short time of the investigation. However, it is recommended to
implement this system as well as to fuse it. This will lead to have the same
restrictions as a normal planetary rover has and make the comparison more
balanced with RR.

Despite the Field Robot Event has its roots on field robotics for agriculture,
there have been other contests that are focused on planetary rovers as the Uni-
versity Rover Challenge (Ref, 2012), National Aeronautics and Space Adminis-
tration (NASA)’s Lunabotics Mining Competition (Sawyer and Hull, 2012) and
the European Space Agency (ESA) Lunar Robotics Challenge (Belo et al., 2012)
where the constraints presented on other planets are measured. Furthermore, a
more realistic study can be made there, especially when a new rover prototype
is to be built.



Chapter 6

Algorithms

The presented filter techniques here presented are used to fuse the measure-
ments of wheel encoders, heading angle and range finder sensors. These filters
compensate noise effects from the sensors (Iagnemma et al., 2004b). Nowa-
days, there have been other approaches on the testing phase or that have been
proved they might work in the future for planetary rovers, such is the case where
(Sakai et al., 2009) use the Unscented Kalman Filter (UKF) to propose an aug-
mented version of UKF which is the named Augmented Unscented Kalman
Filter (AUKF).

Here will be found the two algorithms used to solve the scope of the thesis
the Extended Kalman Filter (EKF) and UKF. One of the reasons to choose
EKF, is that it is extensively used in mobile robotics for instance with vision
systems, Simultaneous Localization and Mapping (SLAM), tracking, etc. The
UKF was chosen because of the less computational cost compared with other
algorithms, good performance in order to estimate the localization when using
sensors affected by non-Gaussian noises like Global Positioning System (GPS).

However, a huge amount of literature has clarified that EKF is not completely
trustful. Besides, Julier and Uhlmann (1997), concluded that their filter UKF
has two great advantages on top of the EKF:

1. Predicts the state with more accuracy.

2. It is much less difficult to implement. No Jacobian’s derivation.
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Sakai et al. (2009), claim that UKF is better for high dimension estimation than
EKF, also that is more resistant to noises in the system. Despite they men-
tion that this technique might be not accurate enough for localization if some
common sensor or physical problems are not solved first, like wheel slippage,
visual odometry error and gyro drift. However the conclusions of this study will
show that both techniques are stable and consistent but the accuracy can not
be compared with the real position since no true position was obtained from
the competition.

6.1 Localization

When data is analyzed, it can perhaps be that the information retrieved by
the sensors is noisy, in other words it does not have confident information.
Moreover some information may contain outliers (spurious or corrupted data),
and for some estimators this has to be taken into consideration since they might
be too sensitive, having a poor performance than the expected (Christensen and
Hager, 2008).

Therefore, engineers and scientist has been extensively fusing sensors in order
to have a more reliable information and as consequence trust in the data. The
sensor fusion is done between sensors where share some kind of information,
preferably obtaining the same measurement but can be from different technology
background, this compensates what the other does not see (Dong et al., 2009).

According to Leonard and Durrant-Whyte (1991), the navigation process of
mobile robots is not an issue, but they believe that to have a reliable system to
acquire information necessary to perform navigation is the major problem and
as consequence makes to the navigation system difficult to control.

Sensor fusion, is a great advantage as previously described and to accomplish
this, the development of algorithms are necessary and as consequence this helps
to improve the desired information. Besides, to make the data more accurate
to have a better representation of the environment. Since the performance can
be affected during the integration of the different devices.

Several articles about localization of planetary rovers, have foundations on
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probability theory, where the lack of confidence in sensor information can be
described, analyzed, even more important manipulated (Durrant-Whyte and
Henderson, 2008). Besides, the algorithms based on probability are forms to
implement sensor fusion. The Kalman Filter (KF) is one of them, although
it does not work well for nonlinear systems and nonGaussian noise. Despite
(Simon, 2006) say KF is based on Bayes Filter because recursively propagates
the mean and covariance according to time. Although both are recursive KF is
not based on Bayes filter but is based on Least Squares.

Although, KF might give the optimal estimation, as it was mentioned previously
the performance of the estimation can be decreased. According to Daum (2005),
the reasons can be numbered:

1. Nonlinearities in the equations that describe the system.

2. Ill-conditioning of the covariance matrix.

3. Inaccurate or incomplete models of the physical problem.

6.1.1 The System Model

Before the implementation of the filtering algorithms, it is necessary to first
develop the kinematic solution for the robot in question. The robot as was
described in Chapter 5, is a parallel four wheel steering (4WS) vehicle. The
kinematic equations, in order to simplify the study, were obtained from Wang
and Qi (2001). However, a previous discretization is necessary to be performed
to (6.1), (6.2) and (6.3) with (B.1), the Forward Euler discretization method.
Figure 6.1 displays the kinematic variables used to represent the robot and the
coordinate system used.

Ẋ = v cos(ψ + β), (6.1)

Ẏ = v sin(ψ + β), (6.2)

θ̇ =
v cos β(tan δf + tan δr)

lf + lr
, (6.3)
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Figure 6.1: Representation of robot’s variables

where v is the total velocity of the robot, β is the side-slip angle. To describe
the robot’s velocity in different axes (x and y) (6.1) and (6.2) are used, in the
same way the angular velocity θ̇ can be obtained with (6.3). Nonetheless, two
more kinematic equations were added, to represent the contest’s field, r and ψ.
Figure 6.2 shows the parameters from the field representation where r is the
distance from the fixed robot’s center to the flowerpots’ wall and ψ is the angle
of the wall w.r.t. the x global axis. According to Wang and Qi (2001), β is
obtained with

β = arctan
lf tan δr + lr tan δf

lf + lr
, (6.4)

v =
vf cos δf + vr cos δr

2 cos β
(6.5)

where lf and lr are the distances from the center of the robot to the front and
rear wheels respectively, δf and δr are the steering angles of the front and rear
Axle Modules (AXMs). In (6.5) the total velocity of the robot is calculated
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with the front wheel velocity vf and the rear wheel velocity vr therefore having
a more robust sensor system to make the pose estimations. Furthermore, (6.6)
represents the state vectors after the discretization that will be used as the state
matrix for the EKF and UKF algorithms.

f(k + 1) =



x(k + 1)

y(k + 1)

θ(k + 1)

r(k + 1)

ψ(k + 1)


=



x(k) + v(k) cos θ(k)T

y(k) + v(k) sin θ(k)T

θ(k) +
tan δf (k)+tan δr(k)

lf+lr
T

r(k)− vsin(βu + β)T

ψ(k)


(6.6)

where βu = θ− ψ, the difference between the heading angle and the row angle.

The field’s representation equations, as can be inspected, depend on the mea-
surement model equation for the RangePacks (RPs). Furthermore, Figure 6.2
shows the position of the RPs in the robot and how they are related to the
field and robot’s variables representing the environment. EKF and UKF need
a measurement equation model in order to interpret the environment from the
sensor and perform the sensor fusion.

It is necessary to find the perpendicular distance from the row to the center of
the robot solved in (6.7)

ρ = x sinψ − r − y cosψ, (6.7)

and substitute it into (6.1.1) and (6.1.1) to calculate the distances from Figure
6.2 and generate the measurement estimation that will be used in Algorithm
6.1 and the sigma points in the Algorithm 6.2.

Ud1 =
ρ

cos βu
− lu tan βu − w/2,

Ud2 =
Wf − ρ
cos βu

+ lu tan βu − w/2,

Ud3 =
Wf − ρ
cos βu

− lu tan βu − w/2,

Ud4 =
ρ

cos βu
+ lu tan βu − w/2 (6.8)
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Id1 =
ρ

cos βu
− li tan βu − w/2,

Id2 =
Wf − ρ
cos βu

+ li tan βu − w/2,

Id3 =
Wf − ρ
cos βu

− li tan βu − w/2,

Id4 =
ρ

cos βu
+ li tan βu − w/2 (6.9)

where Udi, (i = 1, 2, 3, 4) and Idi, (i = 1, 2, 3, 4) are the UltraSonic (US) and
Infra Red (IR) distances obtained from the global position of the robot, Wf

is the width of the row, lu and li are the distances from the center of the
robot to the respective sensors. Nonetheless, it should be noticed that the
assumptions made that the heading sensor is placed in the center of RoseRunner
(RR) and that the distances from it to the sensors are equal (lu = li), are not
the best. These assumptions were done since to obtain the real dimensions
from the robot is a difficult task and in order to get the real measurements
within micrometers error a coordinate measurement machine will be needed.
Thereafter, the estimation obtained from the algorithms will be not the optimal
since the few centimeters missed by this assumption.

There is no measurement model for the Inertial Moment Unit (IMU) (previous
there was a compass as explained in Chapter 5) since the information is absolute
and independent of any other measurement. However, it will be fused with the
RP data to improve the accuracy. The set of equations in (6.1.1) and (6.1.1)
will be the measurement model (6.10).

h[k, x(k)] =
(
Ud1 Ud2 Ud3 Ud4 θ Id1 Id2 Id3 Id4

)T
(6.10)

6.1.2 Extended Kalman Filter (EKF)

This algorithm (6.1) is recursive and changes according to the time step, but
attention should be paid to the update rate from sensors and computation time
of the algorithm while implementing it, since this could lead to false estimates
and desynchronized information. The derivation is in Appendix B.2.

In the algorithm 6.1 it can be observed that the implementation simple using
linear algebra and a software that manages matrices (like Matlab). However,
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Figure 6.2: Representation of field’s variables

there are considerations and assumptions that need to be taken carefully, since
the behavior could vary dramatically just by modifying one parameter. A spe-
cial care should be taken when doing the first guesses if what is looked for is
a fast response, otherwise a system with a wider allowance should be used. In
this case, a wider allowance referred to have a large value of the first guess
associated covariance P (0 | 0), that means there is an uncertainty of the real
position of the robot. Furthermore, if the nonlinear equations and the mea-
surement equations are well modeled, the algorithm will take the guessed (or
estimated) states to converge on the real states of the robot according to time.

The Jacobian calculation as can be previewed leads to long equation and as con-
sequence hard to find possible mistakes, however, there are computer programs
that helps to treat with the calculation, the resulting Jacobians are showed in
Appendix B.4 and B.5.
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Algorithm 6.1 EKF Algorithm (Bar-Shalom et al., 2001)
State prediction

x̂(k + 1 | k) = f(k)x̂(k | k) + g(k)u(k) (6.11)

P (k + 1 | k) = F (k)P (k | k)F (k)T +Q(k) (6.12)

Measurement prediction

ẑ(k + 1 | k) = h(k + 1)x̂(k + 1 | k) (6.13)

State update

v(k + 1) = z(k + 1)− ẑ(k + 1 | k) (6.14)

S(k + 1) = R(k + 1) +H(k + 1)P (k + 1 | k)H(k + 1)T (6.15)

W (k + 1) = P (k + 1 | k)H(k + 1)TS(k + 1)−1 (6.16)

x̂(k + 1 | k + 1) = x̂(k + 1 | k) +W (k + 1)v(k + 1) (6.17)

P (k + 1 | k + 1) = P (k + 1 | k)−W (k + 1)S(k + 1)W (K + 1)T (6.18)

6.1.3 Unscented Kalman Filter (UKF)

The UKF algorithm is extracted from Wan and van der Merwe (2002) since it
is in better ordered; however, the explanations can be found better in the work
done by Julier et al. (2000). Besides, an explanation of this algorithm derivation
is in Appendix B.3. The implementation of UKF is more laborious, however it
requires less tuning parameters especially when the process noise covariance is
modified. This technique will perform statistical analysis from the sigma points
calculated (Julier and Uhlmann, 1997).
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Algorithm 6.2 UKF Algorithm (Wan and van der Merwe, 2002)
Similar to the EKF some guessed values should be used for the first input as,

x̂0 = E[x0], (6.19)

P0 = E[(x0 − x̂0)(x0 − x̂0)T ], (6.20)

sigma points:

χk−1 =
[
x̂k−1 x̂k−1 + γ

√
Pk−1 x̂k−1 − γ

√
Pk−1

]
, k = 1, . . . ,∞ (6.21)

Time update equations

χ?k|k−1 = F (χk−1, uk−1), (6.22)

x̂−k =
2L∑
i=0

W
(m)
i χ?i,k|k−1, (6.23)

P−k =
2L∑
i=0

W
(c)
i (χ?i,k|k−1 − x̂−k )(χ?i,k|k−1 − x̂−k )T +Q (6.24)

augment sigma points:

χk|k−1 =
[
χ?k|k−1 χ?0,k|k−1 + γ

√
Q χ?0,k|k−1 − γ

√
Q
]
, (6.25)

Υk|k−1 = H(χk|k−1), (6.26)

ŷ−k =
2L∑
i=0

W
(m)
i Υi,k|k−1. (6.27)

Measurement update equations

Pỹkỹk =
2L∑
i=0

W
(c)
i (Υi,k|k−1 − ŷ−k )(Υi,k|k−1 − ŷ−k )T +R (6.28)

Pxkyk =
2L∑
i=0

W
(c)
i (χi,k|k−1 − x̂−k )(Υi,k|k−1 − ŷ−k )T (6.29)

Kk = PxkykP
−1
ỹkỹk

(6.30)

x̂k = x̂−k +Kk(yk − ŷ−k ), (6.31)

Pk = P−k −WkPỹkỹkK
T
k , (6.32)

where γ =
√
L+ λ, Q is the process noise covariance, R the measurement noise

covariance and K the gain.



Chapter 7

Experiments

The performance of the robots is measured mainly by experimentation. The
tests are requirements to be done for a robot, in order to study the results of
the localization filters presented in Chapter 6. The experiments for RoseRun-
ner (RR) were done in the simulator and with real field information extracted
during the two tasks described in Section 5.2.

It has to be warned that the simulator used does not give the complete in-
formation from the environment, since to do this it will require to implement
more dynamic equations into the simulator such as terrain, suspension, tem-
perature, among others factors, therefore making the scope more complicated.
Nevertheless, the simulator allows the researcher to avoid mistakes during the
implementation phase and those might be mitigated and a better tuning ap-
proximation can be done ahead.

However, the information obtained from the competition will give the expected
results, thereafter the study will measure the real power of the algorithms and
how stable they are to be used in other robots. Despite that accuracy might be
a useful measurement parameter for the performance of the algorithms, this can
not be done for the real experiments since there is lack of a system that helps
to detect the real trajectory of the robot on the field. Notwithstanding, the
simulator will be useful to find the accuracy comparison between the Extended
Kalman Filter (EKF) and Unscented Kalman Filter (UKF) algorithms.

The experiments done with the competition data allow the creation of a relation-
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ship between it and a planetary exploration. The analogy consists of missions
where in fact, the information of the field is given but it is not trustful at all,
since the given maps compared with the real field would have differences. The
case example is when a reconnaissance orbiter sends maps and points of inter-
est. Besides, the contest and a planetary surface exploration mission relates
that there is just one opportunity to do the tasks, therefore, the implemented
algorithms must be robust enough to achieve the goal.

It needs to be clarified that the work presented in this Chapter only refers to
the experiments done with the simulator and the real field information, also
an explanation of the methods for performing analysis of the filters follows.
Nevertheless, the results will be displayed in Chapter 8.

7.1 Simulator Experiments

For the analysis and experimentation of the algorithms, parallel work has been
done. This parallel work consisted to implement and code at the same time,
with the purpose of test small parts and find bugs in the code and have a better
understanding in the steps of the methods used (prediction and update). The
team created different versions according to the progress on the software and
libraries.

Figure 7.1 and 7.2 show some fields generated automatically by a Matlab script,
in order to create multiple scenarios, so the robot can be tested practically in
multiple scenes, as consequence the robustness of the filters can be measured,
and can be found singularities, constraints and bugs. Besides, a close approxi-
mation of tuning parameters for the real systems can be acquired.

There is literature that makes this comparison between the algorithms pre-
sented in Chapter 6 (Ndjeng et al., 2009). Moreover, to find better results it
is better to have multiple scenarios and compare the filter itself. Furthermore,
many of the researchers have been done experiments first through simulation
to later implement the algorithms into the physical robot, or sometimes they
have developed simulators specially for planetary exploration (Liu et al., 2008;
Pingyuan et al., 2006b; Chukkala and Leon, 2005; Pingyuan et al., 2007, 2006a;
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(a) One pot as row width (b) Robot inside row (c) Robot at turn

Figure 7.1: Simulation test fields

Ishigami et al., 2005), since for real Earth-based experiments is hard to emulate
other planets’ environment.

Figure 7.2: Possible field during competition

There are different methods of measuring the estimation accuracy. The criteria
followed here, are using graph and plot representation, since there is information
that can hardly be visualized if numbers are presented. Ndjeng et al. (2009),
refer that the most popular measure of estimation accuracy is done with the
root-mean-square-error (RMSE). However, they prefer using the representation
of the average distance between the real value and the estimation called Average
Euclidean Error (AEE).

Nevertheless, there are other methods mentioned in the paper that would make
the decision more precise but for the case it would require more analysis. Such
is the case of the 2-sigma envelope, which measures confidence in the filter, the
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Normalized Innovation Squared (NIS) and the Normalized Error Estimation
Squared (NEES) to analyze the consistency (Bar-Shalom et al., 2001) of the
algorithms.

Experiments done were to test the robot with with spread flowerpots in order to
find variations from the sensor simulation while the robot is running. Moreover,
the row’s angle was modified in order to find singularities, also, sine shaped rows
were used to see the robustness of the algorithms after they passed the first
trials. In Chapter 8, all the experiments’ results are not presented because of
the extension that this work would have. However, two experiments with good
results are showed in order to compare the accuracy between the algorithms.

7.2 Real Field Experiments

Previous to the competition many tests were needed and they were performed
with the localization algorithms developed by the team. The selection of the
algorithm for the competition has been made by the performance presented
during the test and trials before the competition and one last trial during the
calibration phase in the competition.

Since the EKF and UKF required intensive testing they were not used for the
competition because of the reasons explained earlier, Besides, the robot was
not ready to perform the tests with those algorithms, therefore, not ready for
the contest. However, the logs from the competition were used to perform the
experiments.

Real field experiments were done for the datasets from the competition field and
indoors with empty flowerpots, and the results will be presented in Chapter 8.
Nevertheless, here will be explained the experiments and statistical analysis
from the sensors.

The calibration of the sensors must be made previous to perform the experi-
ments with the algorithms. The calibration has been made in order to get the
best response from the sensors as well from the actuators since these also are of
importance for the behaviour of the algorithms.
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The steering sensors of both Axle Modules (AXMs) were calibrated; there were
two options one using physical measurement with a ruler and protractor, the
other with the aid of the Inertial Moment Unit (IMU) sensor.

Moreover, another important system that needs calibration is the dead reck-
oning system, and it was done by setting the robot to drive certain amount of
distance and later measure the real position in order to compensate although
this process seems to be simple it requires many trials.

Other sensors that have been required to test, were the RangePack (RP) sensors,
in order to know the information is valid and the processing signal is well scaled.
Figure 7.3 shows how the statistical data from the RPs were obtained, also it
can be inspected that paper sheets were placed instead of real roses.

Figure 7.3: Getting statistic data from RangePacks

Nevertheless, the compass is the most important sensor, since the absolute
heading of the robot is acquired. Also, the heading angle is the principal sensor
value where the state variables of the robot depend heavily, but this magnetic
compass had to be replaced since it was burned. The replacement was with
IMU developed by Jari Kostamo from the Department of Engineering Design
and Production at Aalto University (Aalto). Figure 7.4 shows the expected drift
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of the IMU since it is based on gyroscopes, and it is around 0.013◦/s at rest.
Despite there was a drift the robot performed well during the competition since
it was small. Previous to the contest it was necessary to adjust parameters.

Figure 7.4: Drift from the IMU

For that case, the robot was to drive in the real field with the joystick in order
to get information and later make the adjustments. In the figure (7.5) is showed
some data information from IMU, steering angles (front and rear), and position
of robot w.r.t. the row center line.

With the data obtained from the field during the tasks, the EKF and UKF
algorithms’ parameters needed to be tuned. The covariances R and Q were
modified with this new values since they presented better behavior.

R =

6.4×10−5 0 0 0 0 0 0 0 0
0 6.4×10−5 0 0 0 0 0 0 0
0 0 1×106 0 0 0 0 0 0
0 0 0 6.4×10−5 0 0 0 0 0
0 0 0 0 1×10−7 0 0 0 0
0 0 0 0 0 4×10−4 0 0 0
0 0 0 0 0 0 4×10−4 0 0
0 0 0 0 0 0 0 4×10−4 0
0 0 0 0 0 0 0 0 4×10−4

(7.1)

Q =

5×10−6 0 0 0 0
0 5×10−6 0 0 0
0 0 5×10−6 0 0
0 0 0 0 0
0 0 0 0 0

. (7.2)

It is important to let know the reader that the first covariance used came from
the simulator for the EKF, after some modifications the next set of covariances
chosen were the obtained after the calibration of the RP; nevertheless, those
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(a) IMU (b) Steering angles

(c) Robot in row

Figure 7.5: Test in Venlo

variances did not perform well since there was malfunction in one of the RPs
and is analyzed in Section 8.2. Despite the system should perform well the
covariances were changed until a good output was obtained. The reason to
modify the RP covariances is that the beam width from the UltraSonic (US)
sensor is wide and as consequence the range retrieved is not only from the
flowerpot but also from the rose bucket. Besides, Figures 7.6 and 7.7 displays
the differences found on indoor and real field measurements from the RP.
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Figure 7.6: Indoor

Figure 7.7: At competition’s field



Chapter 8

Results

In this Chapter the results from the simulator and the real field experiments are
presented and discussed. They are classified in two sections Simulator Results
and Real Field Results. With the simulator, it is easy to track the real position
of the robot, therefore an analysis of the accuracy of the Extended Kalman
Filter (EKF) and Unscented Kalman Filter (UKF) can be done; nevertheless,
the real position from the real field is not available, thereafter, an analysis on
the stability, performance and differences will be presented.

As it was explained in Chapter 7, different parameters were modified in order
to get good values, therefore, to obtain the best suitable filter to locate the
robot in a global map. Besides, researchers has tried to find different methods
of doing self-tuning to the noise covariances as the ones presented in Section 4.3,
consequently the filter output would be the optimal. However, here a manual
tuning was performed.

The parameters modified were the covariance P and the covariance Q and some
adjustments were also needed for the measurement covariance. A decision block
of when to turn on the algorithm was implemented since the state variable
r assumes that there is a flowerpot wall, therefore the localization algorithm
should be accepting information, 1) when RoseRunner (RR) is inside the row,
from the RangePacks (RPs) and Inertial Moment Unit (IMU), and 2) when
turning only from the IMU.

Although the localization algorithm when turning was performed relied just in
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the IMU the output was stable; however, a better result can be acquired, if
a logic algorithm and new measurement equations were developed, in order to
find the center of the turning circle.

8.1 Simulator Results

The fused information for the simulation was from the measurements of the
Infra Red (IR), UltraSonic (US), the IMU and the wheel encoders.

Figure 8.1 displays the estimation of the velocity of a particular experiment
where the velocity of the robot was used as a state variable. This was performed
since the encoder sensors retrieved noisy information.

Figure 8.1: Velocity estimation by EKF

The system worked well before the robot’s turning; moreover, it was found that
probably it is necessary to estimate the steering angles and the rear and front
velocities separated.

Figure 8.2 shows that the velocity signal has been well filtered but not when
fast changes of velocity happen, this can be proved since when the robot is no
longer in the row and it starts doing the turning function, there is an instant
when the robot stops, as a result the filter is unable to track the step.

Hence, the velocity as a state variable was not used for further experiments;
however, experiments should be done with the UKF since only the EKF results
were displayed with this short experiment. Moreover, a deeper analysis is needed
in order to find the right equations to place the velocity as a state. Also for
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this alternative experiment, the algorithm should be modified to develop a logic
algorithm that only uses the velocity state when the robot is inside the row.

Figure 8.2: Filtered velocity does not follow the real encoder changes

The next results presented show the accuracy from two experiments. Figure 8.3
shows the result when the robot is driving inside a row. The zig-zag behavior
is because the navigation controller was not well tuned. However, the accuracy
can be analyzed, and it is inspected that the UKF is more accurate than the
EKF. Nevertheless, for the competition is not a matter to just drive along one
row in fact, it is necessary to travel around different rows.

Therefore, Figure 8.4 shows a complete turn, and surprisingly the EKF seems to
have better accuracy by time elapsed. The error comes from the IMU simulated
signal where the difference from the real heading is around 0.18◦ and translating
this to x position is around 4cm at a speed of 1m/s.

Figure 8.3: Robot inside row. One row navigation
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Figure 8.4: Robot navigation in loop

Nevertheless, the visual inspection does not represent a standard manner to per-
form an analysis but an overview. Hence, the root-mean-square-error (RMSE)
is computed for the position estimation experiments when the robot drove one
row and in a complete loop. The RMSE results for the experiment when RR
was to drive just one row, are as follows, the EKF RMSE values for x, yandψ are
0.0793, 0.0590and0.0390 respectively, and for the UKF are 0.0189, 0.0251and0.0162.
It has been found that the UKF with the simulator is more accurate than the
EKF algorithm.

In the case of the complete loop, the heading angle RMSE results for the EKF
is 0.0311 and for the UKF 0.0391. The x position RMSE is 0.1151 and 0.0712

respectively and y position RMSE for EKF is 0.0549 and 0.2737 for the UKF.
Here it can be inspected that the visual inspection is not a trustful tool for the
analysis since for the x position of RR the UKF algorithm was more accurate
but not for the y position.

The poor accuracy seen on the UKF of the y position is because the implemented
algorithm uses just the IMU signal when is turning and for the sensor simulation
the covariance noise was too high. Moreover, a better result was obtained when
changing the variance of the heading angle’s simulator block to a lower value.
However, since this will not be real always the previous values (heading) have
been used to get the conclusions.

It should be mentioned that the algorithm used for UKF it is assumed additive-
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noise and the generated sigma points were decreased to have less computation
and simple implementation; therefore, the accuracy error might come also from
this.

8.2 Real Field Results

Although the algorithms developed here were done and configured to work with
the robot they were not implemented into the on-board software of the robot;
and therefore not used in real time. Furthermore, for the contest Algorithm
A described in Chapter 5 was used. However, the research continued after the
competition and the logged information from the contest was used to perform
the analysis of the algorithms, as was explained earlier.

The algorithms (EKF and UKF) were compiled in order to be tested in the
robot platform. The experiment done was in order to test the stability of the
algorithms when the robot is driving autonomously in a straight row. The trial
failed because it was found after and extensive analysis of the sensors that the
RP-3 was not working properly.

More problems were found after, in the Axle Module (AXM) the angle sensor
from the rear steering wheel was not sending a proper value to the computer.
After performing the analysis to different data sets, it was found that the steer-
ing angle sensor sends bad information, while the robot is motionless and when
the joystick is enabled, probably a bug in the software.

The findings were after it was decided to perform the research with the datasets
from the competition, therefore, after modifying the respective measurement
noises covariances the robot could work as expected. However, the test was not
performed again because of the limited time to continue with the research.

The first results of the datasets (here not showed) presented the same behavior
that the robot had, to turn to the right side and the localization was giving
high values, because of the confidence that were placed on sensors. However,
for the final results small changes were done to the algorithms. Figure 8.5
evidences the measurements retrieved by the RP-3, and as the values were
too high (≈ 40 − 60m) the easier procedure was to turn off by software the
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malfunctioning sensor.

Figure 8.5: RP-3 error measurements

The software turning off is done by setting a big value in the measurement noise
covariance, therefore the covariance of the RP-3 was modified to σ2 = 1× 106.
This covariance value was standardized to turn off any sensor by software, and
this is explained in Appendix B.2.

8.2.1 Task 1

The figure (8.6) shows the measurements done by the RP during the first task,
the turns can be easily distinguished from the peaks.

The study was performed to the first task accomplished by the robot. The
performed analysis to find the robot in a global coordinate system the EKF
and UKF were implemented. Figure 8.7a shows the results from the simple
algorithm developed by the team although it was not developed to estimate the
global trajectory it was to perform the localization inside the row and there-
fore, use it for the navigation control. Figure 8.7b and 8.7c shows that both
algorithms (EKF and UKF) are stable; however, there are considerable differ-
ences in the localization, despite the two filters follow the same shape of the
trajectory.
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Figure 8.6: RP measurements of first task

Nonetheless, it is hard to find the best localization algorithm without the knowl-
edge of the real position of RR, since it will be required to place different devices
or solutions to track it, for example placing cameras, a complex sonar sensor
system, etc. Many ideas to solve this issue will be, but the long time it would
take to implement those systems, the research would be out of time. Further-
more, the installation on the competition field of a system for this purpose
would have been difficult.

The shape of the estimated trajectories is stable as was said before; nevertheless,
it can be inspected that in the turning regions small peaks are found, mostly seen
in the EKF path. This happens as consequence of the absence of information
from the RPs since those sensors are turned off while turning. They are off
because, if they are considered retrieving information to the algorithms, they
might be reading information not modeled in the equations such as people,
trees.

Furthermore, Figure 8.9 shows one of the inputs of the navigation algorithms
named dRow, this parameter helps to locate the robot when is inside the row.
If, inspected closely both algorithms were stable, even the UKF shows better
results since the noise is filtered. Notwithstanding, the UKF algorithm presents
offsets due to some error in the algorithm which has not been found yet.

Figure 8.10 shows that the EKF presents also a good solution if the signal is
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(a) Simple algorithm (b) EKF

(c) UKF

Figure 8.7: Global estimation with different algorithms implemented to the
robot (Task 1)

analyzed closer, it will be inspected that the signal is filtered but not enough
as could be desired; however, it is proved that this algorithm filtered the signal,
although not well.

8.2.2 Task 2

For the second task the same filtering techniques were used for the analysis,
is not necessary to explain all the results since outputs from both tasks are
similar; although this task was more challenging. Figure (8.11a) shows the
resulting global positioning of the algorithm developed by the team. However,
the global position was performed better in the EKF and UKF because of the
reason explained in the Subsection 8.2.1.

Figure 8.11b and 8.11c presents one of the purposes of these two algorithms,
that can be used for global mapping. Even more, they can be used as input for
other navigation algorithms such as the Potential Field technique.

The robot did not present major slippages during the competition. Nevertheless,
slippages will be found if the study is prolonged, and probably the inspection
should be done with the covariance matrices from both algorithms. Moreover,
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Figure 8.8: EKF and UKF position outputs for Task 1

Figure 8.9: EKF and UKF dRow outputs for Task 1

the robot crashed sometimes into the flowerpots and human intervention was
needed, this is hard to analyze from the global map although there must be
methods that help to find those crashes without the video inspection, perhaps
with the analysis of the covariance matrices.

Figure 8.12 displays the crashes that happened during task two. Those findings
appeared after comparing the videos1 from the tasks with the covariance from
the y position. It was notice that a higher value from the covariance means that
the robot further away from the roses’ headland. Nevertheless, more datasets
when crashing is needed in order to confirm these findings.

1autsys.tkk.fi/en/FieldRobot2012
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Figure 8.10: EKF and UKF closer view for Task 1

The results, indicate that the simulator performed better than the real field,
this probably happens since there are dynamic factors in the environment that
were not considered in the simulator like the terrain properties, weights, crashes
into flowerpots and many more.

The noise from the simulator and the real field differed for the RPs. This could
be as reason that the assumption from the simulator was that the RP distances
come from the pot; however, the real information showed that the roses as
consequence of the beam width also retrieved information making the standard
deviation larger.
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(a) Simple algorithm (b) EKF

(c) UKF

Figure 8.11: Global estimation with different algorithms implemented to the
robot (Task 2)

Figure 8.12: RR crashes in Task 2



Chapter 9

Summary and Conclusions

This dissertation has investigated the accuracy of the filter techniques with
a simulator capable of tracking the real trajectory of the robot, also it was
investigated the performance of the algorithms with real information although
the first goal was set to be implemented on a real robot the study here presented
was done with the logged information of the robot named RoseRunner (RR),
which participated in an international field robot competition.

The present study was designed to determine the effect that the localization al-
gorithms Extended Kalman Filter (EKF) and Unscented Kalman Filter (UKF),
have in order to improve the signal from the sensors, therefore, perform a more
reliable navigation. It should be noted that EKF is a good technique to learn
first and to understand the implications of state estimation from nonlinear func-
tions.

The results of this investigation show that is not an easy task to implemented
neither to make conclusions, since there are special issues that need to be solved
first. These issues are like, to find the correct tuning parameters for the algo-
rithm, to make the intensive test in order to visualize the problems, to corrobo-
rate the correct modelling of the measurement and kinematic equations among
others.

One of the more significant findings to emerge from this study is that the UKF
worked nicely from the first time and few modification to tuning parameters
were done. However, for the EKF the implementation took longer time than
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the expected since problems were find since the measurement and kinematic
model. Despite, the issue of the EKF, the algorithm worked as expected but
with less accuracy for the case of the simulator experiments and less stable when
using the real field information.

The results of this research, support the idea that UKF algorithm is better
than the EKF, since it was more stable for global localization. Nonetheless, the
accuracy could not be compared due to the absence to find a suitable way to
track the real trajectory of the robot.

The empirical findings in this study provide a new understanding of the impli-
cations that planetary rovers will find while traversing in challenging terrains.
Although, the study was not made with a rover testbed, the information used
was obtained from the real environment. Furthermore, the findings help to
understand that even that the challenge looks simple, the development of local-
ization algorithms consumes time in order to find their optimal behavior.

Whilst this study did not confirm that UKF is highly accurate, it partially
substantiates that UKF would be the best solution for outdoor robotics, since
the ability that this algorithm has to accept a sensor with non-Gaussian noise
simplify the corrections of parameters and variables. Additionally, the algorithm
is less complicated to be implemented.

The present study provides additional evidence with respect to the behavior
of the algorithms. Besides, the work corroborates what was confirmed by the
authors referenced in the literature review.

The current research was not specifically designed to evaluate factors related
to slippages or human intervention; however, those can be inspected by looking
for peaks in the covariance matrices.

The project was limited in several ways. First, the development of the robots for
the competition was delayed, therefore, no time slots were planed to perform
the corresponding tests before the competition. Second, after the competi-
tion some sensors were malfunctioning. Third, one bug was found in the Axle
Modules (AXMs) late, when trying to run the algorithms on-line. Fourth, the
implementation of the EKF took longer than the expected.

The main weakness of this study, despite the implementation on the robot was
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set as scope in a beginning, no research was done with the robot running on-line,
and the navigation performance was not analyzed.

This research has thrown up many questions in need of further investigation
like, how both algorithms will behave if a Global Positioning System (GPS) is
used? Is the accuracy/stability will be improved if the laser scanner is fused? Is
it possible to implement well behaved self-adaptive noise covariance algorithms?

Further investigation and experimentation into UKF are strongly recommended
since in this research it was found that the algorithm is the less studied but more
stable than EKF. Also, it is suggested trying to fuse more sensors like the laser
scanner, vision system and GPS in order to know if the addition of many sensors
will improve the accuracy or will make it more difficult to the robot to perform
the computations.

The findings of this study have a number of important implications for future
practice since it is necessary to develop intelligent algorithms to decide where to
switch off or on by software, each sensor in order to obtain trustful information,
since the algorithm itself is not robust enough to fix large values at least for
the EKF (depends on the kinematic equations developed). Also, it is advised
to develop sensor simulation libraries to make easier the implementation to the
real robot after performing many tests with the simulator.

Moreover, this two filtering techniques might be improved if other data associ-
ation from more sensors is used, for instance the laser scanner information can
be used but with a previous processing of the data since there are too many
information. Voting based methods like the RANSAC can be used to obtain
and output in the form of line (from the rows) and later fused with some of
the localization techniques showed in this work. Data association and k-means
clustering are two other techniques used for processing high density information
(Christensen and Hager, 2008).

This study is just the first step to develop a robust localization system of a robot;
thereafter, more algorithms need to be implemented and perform a confident
navigation as was implied in the previous comments. Also, hybrid algorithms
can be implemented using the output of one filter as input to other filters. It is
suggested continuing with the study of navigation algorithms beyond the clas-
sical PID controller that we know like the Model Predictive Controller (MPC),
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or using visual servoing, visual odometry, potential functions, among others.

A special emphasis is recommended if planetary rovers are going to be devel-
oped. This is to use the less number of sensors as possible, even perhaps trying
to use just a vision system to perform all the localization and navigation ac-
tivities, inasmuch as the missions have constraints on budget, weight, volume
among others mentioned in Chapter 4.

The future of planetary exploration lies now onto the new planetary rover from
National Aeronautics and Space Administration (NASA), the Mars Science Lab-
oratory (MSL) mission with the Curiosity rover. If the mission success probably
more exploration with robotic systems will be in the future and as consequence
it will open the space industry to space robotics thereafter, more economic
investments and more research will be to the development of planetary rover
platforms in all kind of locomotion.
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Matlab/Simulink Models

A.1 Matlab model for EKF

Figure A.1: Matlab block diagram. EKF
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A.2 Matlab model for UKF

Figure A.2: Matlab block diagram. UKF



Appendix B

Additional Equations

B.1 Forward Euler Discretization

In order to know the states of the robot (6.1),(6.2),(6.3) it is necessary to derive
them through any desired method for discrete computation (forward or back-
ward Euler, Taylor series expansion), but it should be notice that this leads to
an approximation.

y′ ≈ (yn+1 − yn)

t
, (B.1)

where y just for this equation is a generic character and t refers to the time
step.

B.2 EKF derivation

The algorithm of EKF can be summarized in 6.1, it is the standard procedure
and is taken from Bar-Shalom et al. (2001). Besides, below follows a rough
explanation of the EKF. The equations (6.1),(6.2) and (6.3) can be included in
the standard writing for a dynamic system expressed as

x(k + 1) = f [k, x(k)] + v(k), (B.2)
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with the assumption there is additive white-noise and zero mean, where v(k) is
system noise.

E[v(k)] = 0 (B.3)

E[v(k)v(j)′] = Q(k)δkj (B.4)

Also the measurement equation is referenced here as

z(k) = h[k, x(k)] + w(k), (B.5)

where w(k) is the measurement noise and again with the assumption that this
noise is additive, zero mean and white.

E[w(k)] = 0 (B.6)

E[w(k)w(j)′] = R(k)δkj (B.7)

Furthermore, this noise is not correlated to the process noise. One important
assumption is that from statistics and from first guess the estimate is known

x̂(0 | 0) ≈ E[x(k) | Zk], (B.8)

as well as the associated covariance matrix P (0 | 0). Then it continues to obtain
the state prediction where the equation (B.2) is expanded in Taylor series with
the last estimate B.8 up to first order according to the kinematic equations
presented above.

x̂(k + 1 | k) = f [k, x̂(k | k), u(k)]. (B.9)

where u(k) is a known input vector from the motion sensors or control platform
(encoders, potentiometers for steering angles, etc.). Also it is needed to estimate
the state prediction covariance which is according to Bar-Shalom et al. (2001)
the Mean Squared Error (MSE) matrix, and this is obtained with

P (k + 1 | k) = F (k)P (k | k)F (k)′ +Q(k), (B.10)

where F (k) is the Jacobian (or gradient) from the vector f , and is obtained

F (k) =
∂f

∂x

∣∣∣∣
x= ˆx(k|k)

(B.11)

H(k + 1) =
∂h(k + 1)

∂x

∣∣∣∣
x= ˆx(k+1|k)

(B.12)
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where H(k + 1) will be used later and is the Jacobian from the measurement
matrix h. Also there is measurement prediction is done using the estimated
state and as the measurement noise is assumed zero mean and white,

ẑ(k + 1 | k) = h[k + 1, x̂(k + 1 | k)], (B.13)

and before updating the state estimates it is necessary to define some useful
equations which will be helpful to observe and analyze the filter algorithm such
are,

v(k + 1) = z(k + 1)− ẑ(k + 1 | k), (B.14)

is called measurement residual or innovation which in simple means gives the
measurement error subtracting to the sensor information the measurement pre-
diction computed previously. The equation

S(k + 1) = R(k + 1) +H(k + 1)P (k + 1 | k)H(k + 1)′, (B.15)

is the residual covariance, and this is similar to the above equation but this
is to get the measurement error from the predicted covariance but using the
noise covariance matrix R(k + 1) that is obtained by statistical analysis of the
sensors’ behavior. This R(k + 1) matrix, is an important parameter which is
commonly tuned to get better results but is encouraged to obtain them from
the analysis. Besides, an important tip is that this parameter can be used to
turn off some sensor that is not working well, or just for some cases where is
not recommended the use of such sensor because of any constraint. This can
be seen in the next equation,

W (k + 1) = P (k + 1 | k)H(k + 1)′S(k + 1)−1, (B.16)

which is known as filter gain and here we have the inverse of the innovation
covariance S(k + 1) where can be notice that from the previous statement, if
S(k + 1) is large enough the gain would be ≈ 0 and the result can be seen in
the update state estimate. In other words, the filter gain is helpful to reduce
the effect of the noises (Bar-Shalom et al., 2001). The state update equation is
simply

x̂(k + 1 | k + 1) = x̂(k + 1 | k) +W (k + 1)v(k + 1), (B.17)

and the covariance update equation

P (k + 1 | k + 1) = P (k + 1 | k)−W (k + 1)S(k + 1)W (K + 1)′. (B.18)
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B.3 UKF derivation

Julier et al. (2000) explain the Unscented Transform (UT) is the method where
UKF is based. They explain also that this method is used for calculating
the statistics of a random variable which undergoes a nonlinear transforma-
tion (Julier et al., 2000).

The algorithm from Wan and van der Merwe (2002) is presented here with the
assumptions of additive and zero mean noise case, in order to compare with the
same premise as EKF. First the UT is showed and the state equations should
be used. For this case we assume to x from equation (B.2) that has mean
and covariance (x̄ and Px respectively). Now the procedure is to calculate the
statistics of state vector interpreted for this case as y = f(x) and create a matrix
χ of 2L + 1 sigma vectors represented in equation (B.19). L is the dimension
of the state vector x.

χ0 = x̄, (B.19)

χi = x̄+ (
√

(L+ λ)Px)i, (B.20)

i = 1, . . . , L,

χi = x̄− (
√

(L+ λ)Px)i−L, (B.21)

i = L+ 1, . . . , 2L,

where,
λ = α2(L+ κ)− L (B.22)

is a scaling parameter, α represents the spread of the sigma points around the
mean of the state vector and according to Wan and van der Merwe (2002), the
values for this parameter should be small around 10−4 and 1. Also they mention
that the constant κ is another tuning parameter (scaling) which is commonly
set to 3 − L. When the sigma vectors are found they are evaluated in the
function described previously (y = f(x)) which is the state vector.

Υi = f(χi), (B.23)

i = 0, . . . , 2L
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Also, the weights are calculated to which will be used to multiply to the sigma
points,

W
(m)
0 =

λ

L+ λ
, (B.24)

W
(c)
0 =

λ

L+ λ
+ 1− α2 + β︸ ︷︷ ︸

fine tuning

, (B.25)

W
(m)
i = W

(c)
i =

1

2(L+ λ)
, (B.26)

i = 1, . . . , 2L.

where β is used to incorporate prior knowledge of the distribution of the state.
But here should notice that in the original paper from Julier et al. (2000) they
don’t use the tuning term from equation (B.25) for the covariance approxima-
tion. In order to observe and understand better the process it is better to look
at the algorithm (6.2). It is remarkable to say (repeat) that the sigma points
obtained or computed are used again to update and get new vector state which
later will be affected by the previously computed weights, and as consequence
the state prediction can be obtained. In this case Wan and van der Merwe
(2002) called time-update equations instead of prediction equations as in EKF.

B.4 Jacobian of the States

1 F = [1, 0,t*v*sin(atan((lf*tan(∆_r) − lr*tan(∆_f))/len) − ...

theta_pos), 0,0;

2 0, 1,t*v*cos(atan((lf*tan(∆_r) − lr*tan(∆_f))/len) − ...

theta_pos), 0,0;

3 0, 0,1, 0,0;

4 0, 0,−t*v*cos(psi1_pos − theta_pos + atan((lf*tan(∆_r) − ...

lr*tan(∆_f))/len)), 1, t*v*cos(psi1_pos − theta_pos + ...

atan((lf*tan(∆_r) − lr*tan(∆_f))/len));

5 0, 0,0, 0,1];

B.5 Jacobian of the Measurements
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1 H = [sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),−cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),(sin(psi1_pos − theta_pos)*(r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos − ...

theta_pos)^2 − luf*(tan(psi1_pos − theta_pos)^2 + ...

1),−1/cos(psi1_pos − theta_pos),(x_pos*cos(psi1_pos) + ...

y_pos*sin(psi1_pos))/cos(psi1_pos − theta_pos) + ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − (sin(psi1_pos − ...

theta_pos)*(r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2;

2 −sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2,1/cos(psi1_pos − theta_pos),(sin(psi1_pos ...

− theta_pos)*(Wf + r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2 − ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(x_pos*cos(psi1_pos) + y_pos*sin(psi1_pos))/cos(psi1_pos ...

− theta_pos);

3 −sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),−luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2,1/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(x_pos*cos(psi1_pos) + y_pos*sin(psi1_pos))/cos(psi1_pos ...

− theta_pos) + (sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2;

4 sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),−cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) + ...

(sin(psi1_pos − theta_pos)*(r1_pos + y_pos*cos(psi1_pos) ...

− x_pos*sin(psi1_pos)))/cos(psi1_pos − ...

theta_pos)^2,−1/cos(psi1_pos − ...

theta_pos),(x_pos*cos(psi1_pos) + ...

y_pos*sin(psi1_pos))/cos(psi1_pos − theta_pos) − ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − (sin(psi1_pos − ...

theta_pos)*(r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2;

5 0,0,1,0,0;
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6 sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),−cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),(sin(psi1_pos − theta_pos)*(r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2 − luf*(tan(psi1_pos − theta_pos)^2 + ...

1),−1/cos(psi1_pos − theta_pos),(x_pos*cos(psi1_pos) + ...

y_pos*sin(psi1_pos))/cos(psi1_pos − theta_pos) + ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − (sin(psi1_pos − ...

theta_pos)*(r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2;

7 −sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2,1/cos(psi1_pos − theta_pos),(sin(psi1_pos ...

− theta_pos)*(Wf + r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2 − ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(x_pos*cos(psi1_pos) + y_pos*sin(psi1_pos))/cos(psi1_pos ...

− theta_pos);

8 −sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),−luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2,1/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) − ...

(x_pos*cos(psi1_pos) + y_pos*sin(psi1_pos))/cos(psi1_pos ...

− theta_pos) + (sin(psi1_pos − theta_pos)*(Wf + r1_pos + ...

y_pos*cos(psi1_pos) − x_pos*sin(psi1_pos)))/cos(psi1_pos ...

− theta_pos)^2;

9 sin(psi1_pos)/cos(psi1_pos − ...

theta_pos),−cos(psi1_pos)/cos(psi1_pos − ...

theta_pos),luf*(tan(psi1_pos − theta_pos)^2 + 1) + ...

(sin(psi1_pos − theta_pos)*(r1_pos + y_pos*cos(psi1_pos) ...

− x_pos*sin(psi1_pos)))/cos(psi1_pos − ...

theta_pos)^2,−1/cos(psi1_pos − ...

theta_pos),(x_pos*cos(psi1_pos) + ...

y_pos*sin(psi1_pos))/cos(psi1_pos − theta_pos) − ...

luf*(tan(psi1_pos − theta_pos)^2 + 1) − (sin(psi1_pos − ...

theta_pos)*(r1_pos + y_pos*cos(psi1_pos) − ...

x_pos*sin(psi1_pos)))/cos(psi1_pos − theta_pos)^2];
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Miscellaneous

C.1 RoseRunner’s Sensors

Technology Brand Model Description

Infrared Sharp GP2D120XJ00F Distance measuring sensor
with integrated signal pro-
cessing and analog voltage
output. Effective range: 4
to 30 cm. Average Current
Consumption: 33 mA.

Ultrasonic Devantech SRF-04 Requires a short trigger
pulse and provides an echo
pulse. Range: 3cm to 300
cm.

LaserScanner Sick LMS-100 Scanning frequency: 25 Hz
to 50 Hz. Max. range:
18m/20m. Scanning angle:
270◦.

continued on next page
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continued from previous page

Technology Brand Model Description

Compass PNI MicroMag-3 Resolution as low as
0.015uT. SPI interface.

GPS LOCOSYS LS20031 MediaTek MT3329. 66
Channels. Up to 10Hz up-
date rate.

Camera Pixelink PL-B742G 1.3 megapixel gigabit ether-
net.

Encoders CUI AMT-102 Speed, Max. (RPM) 7500

Table C.1: Sensors used for RoseRunner


