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SUMMARY

The objective of this research e ort is to provide a methodolgy for assessing
the e ectiveness of sampling techniques used to gather drent types of geo-physical
information by a robotic agent. We focus on assessing how ivehique real-time
sampling strategies acquire information that is, otherwes too dangerous or costly to
collect by human scientists. Traditional sampling strateigs and informed search tech-
niques provide the underlying structure for a navigating rootic surveyor whose goal
is to collect samples that yield an accurate representatiaf the measured phenomena
under realistic constraints. These sampling strategies ailternative improvements
that provide greater information gain than current samplig technology allows. The
contributions of this work include the following: 1) A metha for estimating spa-
tially distributed phenomena, using a partial sample set ohformation, that shows
improvement over that of a more traditional estimation metiod. 2) A method for
sampling this phenomena in the form of a navigation scheme @ mobile robotic sur-
vey system. 3) A method of ranking and comparing di erent nagation algorithms
relative to one another based on performance (reconstrumti error) and resource
(distance) constraints. We introduce a speci c class of nayation algorithms as ex-
ample sampling strategies to demonstrate how our methodglpallows di erent robot

navigation options to be contrasted and the most practicaltsategy selected.

Xvili



CHAPTER |

INTRODUCTION

Providing more accurate information about features of the &th's surfaces, includ-
ing physical phenomena, like elevation or mineral densitys a prime application
for robotic surveying. Future federal mandates could requ that Earth-observing
systems (EOS) integrate data from more than just the remoteesising and static on-
ground monitoring technologies that are currently employke Excerpts from a recent
2010 investigation by committees of the National Research Qacil of the National
Academies report there is a strong need for a national geodeinfrastructure [8].
With that need comes the challenge to identify which technobies will further the
acquisition of more accurate geodetic information. Acconaly to the National Oceanic
and Atmospheric Association (NOAA), the termgeodesyis de ned as \the science
of measuring and monitoring the size and shape of the Earth érthe location of
points on its surface" [9]. NOAA and other organizations are sponsible for the ac-
quisition and improvement of geodetic information, both n@gonally and world-wide.
More speci cally, the National Academies study investigatefgyeodetic observing sys-
tems" in the larger context of a geodetic infrastructure andncludes sea-level change
monitoring, autonomous navigation, precision agricultw, civil surveying, earthquake
monitoring, forest structural mapping, and biomass estin@n as areas of applica-
tion [8]. Each of these areas requires the capabilities thagcent advancements in
robotics o ers. As such, in this thesis, we focus on measuririge e ectiveness of
algorithms used to acquire relevant geodetic and other typeof information accord-
ing to unique sampling techniques that are augmented by restic robotic navigation

methods.



One current challenge to measuring phenomena at di erentdations around the
Earth is the task of obtaining highly detailed information & small spatial scales.
While satellites equipped with high-performance sensorart provide a global assess-
ment of the changes taking place at the surface of this planetcientists still require in
situ (i:e:, on the ground) validation of these measurements. Reseagch in the geospa-
tial community project the importance of this added perspéive [10{13] while others
in the robotics community propose solutions with varying dgrees of success [14, 15].
A theory for how to systematically acquire this high-resolion information is best
addressed through the task of robotic surveying and sampgjrbased on the safety and
exibility bene ts that robot-based advancements o er. We will discuss these bene ts
in greater detail in subsequent sections. A layperson's naiduction to land surveying
is publically available online, but in the context of robotcs, [16] provides a useful
overview by contrasting traditional surveying with humansversus using low-cost mo-
bile sensors. The authors establish the usefulness of mekdlutonomous agents to
the Earth science community and show how these systems prdilong-term value to
projects outlined in the 2007 NASA Decadal survey [17]. Specally, they discuss the
utility of a robotic survey system (RSS) and its potential fo augmenting information
from already existing Earth-observing systems (EOS).

Whether surveying using multiple reference points or penfiming a sampling oper-
ation at a single location, we use the termsurveying and sampling interchangeably.

The speci ¢ contributions of this research are listed below

Contribution 1: A method for estimating spatially distributed phenomena, us-
ing a partial sample set of information, that shows improveent over that of

traditional, single-trial Bernoulli estimation.

Contribution 2: A navigation method for sampling spatiallydistributed phe-
nomena, in uenced by the informed estimation method of Conibution 1, that

shows improvement over that of traditional navigation/sanpling approaches.



Contribution 3: A method of ranking and comparing sampling @n gurations
relative to one another based on performance (reconstruati error) and physical

(resource) constraints.

We employ di erent sampling strategies to acquire detailednformation about an
unknown area, estimate all remaining unvisited locationgnd quantitatively measure
each sampling strategy's success in meeting performanced agsource constraints.

The remainder of this thesis is organized as follows:

Chapter 2 A background of spatial estimation for environmental phenoena with

a discussion of common techniques, terminology, and reabd applications.

Chapter 3 The theory of our informed estimation methodology, includlig the met-
rics necessary to successfully estimate spatially distuted data, and metrics for
constrasting unique sampling con gurations based on perfbance and resource

constraints.
Chapter 4 The theory behind navigation methods used as sampling schesn
Chapter 5 Results validating the theory of Chapters 3 and 4.

Chapter 6 Concluding remarks and recommendations for future work.



CHAPTER Il

BACKGROUND & MOTIVATION

2.1 Traditional Spatial Sampling of Geo-physical Data

Sampling is a necessity in many elds, including the geo-phical sciences, due to
the breadth of coverage required to estimate a particular gmomenon over a large
area and the limited resources available to achieve that cenage. Examples of these
phenomena are as follows: elevation in mountainous regipokemical concentrations
in soil, and mineral content or hazardous material levels iaquatic environments.
Applications rarely exist where sampling is not preferred ev the costly alternative
of exhaustive coverage. Yet, determining how to collect a sient number of samples
that will accurately represent a larger space is still an opeproblem and requires a
more detailed scope, which we provide here.

One fundamental assumption made by all of the geoscienceetéture considered
for this work is a priori access to the data set representindgné entire sampling space
via remote sensing technology [1,18{21]. Like most work ihis genre, this assumption
of unlimited data access is typically made because of the d¢gr continental and re-
gional scales at which such information is georeference@][2Since remotely acquired
imagery often serves as the primary source of the sample spdo which sampling
methods are applied, the a priori data access assumptionlgéato hold at the pixel
scale where higher resolution information exists but is n@ccessible without in situ
data collection. More information on this limitation is diussed in [16] and supports
our interest in pixel-level detail (Figure 1).

Solving the problem of obtaining high-resolution detail bgond what remote im-

agery provides, regardless of the environmental phenomeisa valuable asset to the
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Figure 1. Extracted pixel-scale area of interest for a roboic survey system from a larger
satellite image. Enlarged view of pixel provides no spatialariability information.

geoscience community and can be addressed with a robotic\ay system (RSS). In
our research, we thus focus our e orts on sampling an area Wit robotic platform
in such a way that we reduce reconstruction error and requuleresources. As with
most robotic applications, we must integrate a plausible mégation strategy with our
sampling approach such that it assesses some form of reseusage e:g; distance
traveled, battery life, or time of experiment. Speci cally our methodology enables
a scientist to contrast the e ectiveness of di erent samphg schemes as a function
of cost and resulting error from ground truth. In this work, ve assume the cost of
navigating to sampling locations to be greater than the cosif performing a sampling
operation, which we discuss in more detail in Section 2.3. €hissue we address in
this thesis is how to evaluate di erent sampling strategiesuch that, with respect to
a set of performance and resource constraints, the best $&gy is selected.

The heterogeneity of an environment is particularly impornt when considering
sampling methodologies as it can not be taken for granted th@amples acquired
locally in one portion of the sampling area are representa& of the whole. We
discuss heterogeneity of spatially distributed phenomenaore in Section 2.3. The
authors in [18, 23] cite heterogeneity as an important factavhen considering how
to sample an area to acquire an accurate spatial representat with minimal error.

Additionally, [24] makes distinctions in how sampled data &m the sampling area



may be represented. Some scientists will provide a categaili partitioning of the
search space, where each partition contains a subcategoryaolarger class,e:g;
grainy sand or rocky soil. Scientists may, instead, choose teport their ndings in a
guantized (or binary) format, i:e:, representing data as present or absent at a de ned
location. Surveys also exist that provide measurable valsieon a continuous scale
at each location sampled to more fully capture the relativeral absolute variability
across the entire space [24]. We use sampling techniquest tua inspired by robotic
navigation literature, and metrics to describe the overauccess of resulting sampling
con gurations.

Many of the approaches to sampling rely on variations of eién evenly spaced or
randomized selection schemes where samples are taken wittrati ed (or gridded)
portions of the sampling space. Morrison references six gaing patterns (unaligned
random, aligned random, unaligned strati ed, aligned straed, unaligned system-
atic, and unaligned systematic) designed to opimize samg&acement in concert with

sample quantity [1,25] (Figure 2).

x X X X
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Figure 2: Three example sampling patterns (from left to right, unaligned random, unaligned
strati ed, and aligned systematic) used in [1] for optimizing sample placement in
terrain measurment.

The history of these approaches to sampling is well estaliiesd and widely ap-
plied, yet these schemes are usually considered primarily attain improvement in
computational e ciency, i:e:, a sampling strategy is selected that reduces time re-
quired to process observated data o ine. The selection of agle points according to

these schemes does not consider a policy or set of rules forigating between each



discrete sample in real time. Additionally, these options raly account for the cost
of collecting all identi ed samples within the de ned con gurations, i:e:, the costs
associated with sample-to-sample navigation. With theseepspectives on traditional
uses of sampling, there remains a disconnect between thektas sampling and the
preferred methodology that ought to be employed by an agenité€:, human or robot)

responsible for executing this sampling task in a real enemment.

2.2 Reconstruction Through Interpolation

Once a set of samples is obtained, an accurate approximatiohthe space is made
based on observed values in conjunction with the estimatedlues at unvisited lo-
cations. These estimated values are a function of the desagad samples provided
by a sampling scheme. An estimation process must be chosenttlacounts for
the proximity and frequency of observed samples relative tihose that are not ob-
served. The geostatistics literature provides methods dfiterpolation for extracting
spatially-dependent information at unobserved locationbased on those at observed
points. There are many approaches to interpolation that ti¢ogether the importance
of sample selection with resulting reconstruction error, primary constraint in robotic
surveying.

A comprehensive study of over twenty dierent interpolatos (geostatistically-
inspired and traditional) is available in [26]. This reportfrom the Australian gov-
ernment contrasts over fty relevant studies that use di elent interpolation options
to improve speci ¢ error metrics. The study reveals the exame subjectivity of how
an interpolator should be chosen and the importance of idafting the correlation
between a given interpolator and the spatial distribution bthe sample set.

Estimation (or reconstruction) error, as it relates to intepolation, is also discussed
in literature with respect to the spatial diversity exhibited by a particular phenomena

and is often addressed by the geostatistics community in tiferm of the variogram.



This model-based approach to calculating the amount of spat variation that exists
across an area is a integral part of kriging, a widely acceptdorm of interpolation,
particularly for data assumed to be generated by a random press [19,23,27]. As a
model, the variogram has parameters that can be tuned, by hdror automatically,

to approximate error with the lowest variance possible (Figre 3). The variogram,

h
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Figure 3: Example experimental variogram t with a spherical model [2].

therefore, is a subjective estimation tool, calculated asfanction of observations made
a priori from the area of interest (Section 2.1). How these obs/ations are made is,
many times, based on a random selection of points, rather th&rom a deliberate
sampling design process. In some cases, explicit consitlerais given to the features
that a sampling scheme should exhibite:g; regular or irregular spacing [20], yet
the number of parameters that in uence a chosen variogramjgerformance prevent
a direct tie between kriging and the spatial patterns of thes sample designs. There
exists a disconnect between how to choose a sample set that wield the best (i:e:,
lowest) reconstruction error across the space and the inpalation methodology used

to generate that estimation error from that set. We addresshiat disconnect and



make recommendations for metrics that quantify performamcof potential sampling

designs.

2.3 Environment Scope and Sampling Space

This research refers to \environmental phenomena" as any ally distributed data

set de ned in a two-dimensional space. An important considation in de ning the

search space is how the phenomena within the environment Mlile characterized,
ire:, determining the amount of spatial variability from one meaurement location to
another. The spatial relationship between data in a space tiglated to the concept of
heterogeneity in the geospatial/sampling communities. Way et al. conducts studies
related to heterogeneous geographical data [18]. Thesefaoes are such that given
a moving window of a size smaller than the area of interest, ¢hstatistical mean of
the measurements within that window vary as a function of pason and window size

(Figure 4).

s o

Where yq # J2 # U3 Sampling area

Figure 4: Pictorial representation of rst-order heterogeneity within a 2D space.

The term \heterogeneity" is a useful descriptor for phenonm&a that varies spa-
tially. Relevant spaces are those with phenomena changingeo a period of months
and/or years, e:g; applications like ice sheet monitoring [12, 28, 29]. Chaterizing
changes in elevation for Arctic environments is especiallyseful as it allows better
preparation of emergency response measures to the recese in sea levels in the past

decade due to global warming [17]. Other examples includeetldistribution of soil



nutrients (e:g; carbon, nitrogen, and phosphorus [30]) for mapping of s@foperties
and mineral deposits €:g; gold, iron, and lead). Related literature aims to shed
light on the distribution of naturally-occuring spatial features common to specic
phenomena. For example, understanding why gold is not commip found evenly
dispersed over a space, but instead is found in discrete amtsiat spatially uncorre-
lated locations and in varying quantities motivates reseah in this area. The process
of mapping these elements is widely investigated in the plismon agriculture and min-
eral prospecting literature [22,31{33], while broader apigations are discussed in [17].
Our work, speci cally, is developed for monitoring more temorally-static heteroge-
neous phenomenai:e:, information assumed to not change for a pre-de ned time
period. The theory behind our methodology is applicable tafger tasks discussed in
literature that have gained attention on the national and iternational Earth science
stage such as radiation sampling in hazardous environmerasd produce yield in

precision agriculture [8].
2.3.1 Practical Considerations

In order to utilize a robotic survey system for sampling, thenvironment to be sam-
pled must be navigable. This presumes the use of a platformahcan successfully
maneuver from one given location to another with a minimum pdoad capability. The
payload, itself, should be equivalent to the weight of the ssor required to measure
the phenomena of interest.

Given the range of variability that environmental phenomea can assume, there
exist various trade-o s in realizable hardware that shouldbe considered. For ex-
ample, while the payload required to measure elevation mayebnexpensive €:g; a
mounted altimeter passively collecting data), navigatingver rocky terrain can intro-
duce an exhaustive amount of local spatial uncertainty in nasurements. Therefore,

an all-terrain platform with reliable inertial measuremen equipment is preferable.
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In contrast, the case of measuring the dispersion of a chealdicspill from an iso-
lated source over a relatively at area poses a dierent setfoconstraints. While
high-performance mechanical robustness of the platform gnaot be necessary, the
challenge associated with transporting scenario-specieguipment and performing the
sampling function is a relevant cost. A scenario that reser#s the latter is discussed
by Tunstel et al.. The authors reference a sensing system reminiscent of titawhal
surveyors. Although costs for sampling are not quanti ed dectly as a function of
the sensing instrument, the navigation algorithms discues by Tunstel still cater to
the technology's line-of-sight operation [34{36].

For a physically, realizable robotic hardware solution, ta design of a robotic
survey system must account for the environment to ensure fegble data is acquired

consistently throughout the survey.

2.4 Previous Robotic Environmental Monitoring Systems

and Applications
The next generation of in situ sampling technologies will bmanifested in the form
of robotic surveyors. Current technology that is used in lah surveying procedures
conducted by humans often comes in the form of immobile measment equipment
such as high performance lasers, electronic levels, and gs®n global positioning
systems (GPS) [36]. In addition, useful, direct human managent is required to
successfully operate and recon gure these devices, whiande tedious and exhaust-
ing. The next step of improvement suggests using mobile rdim units with the
necessary measurement equipment to complete similar tasks the human. This
capability is particularly advantageous when conducting &th science experiments,
for example, when exploring Arctic terrain in harsh climatesas a way to aleviate
the dangers faced by human scientists [16]. Other applicatis extend to agriculture,
foresty, construction site planning, and interplanetary eploration [34, 37{39].

K. H. Low et al. demonstrate work that addresses the sampling/coverage [mlem

11



in the context of robotics, discussing a coordinated e ort btween robotic agents to
assess the distribution of measurable phenomena [4,40].eTd¢ontribution is two fold,
as the authors rst identify areas that contain \hot spots" or concentrated amounts

of a particular type of sensor data (Figure 5). Then, they ainto reduce the bias that
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Figure 5: Spatial distribution of sampling locations within a gridded environment to locate
\hot spots" of mineral content [3,4].
inherently develops in approximated data using a series obpular statistical estima-
tors. This work introduces their adaptive cluster samplingACS) method whereby
each agent from a larger set selects surrounding grid loaats to be included in its lo-
cal network based upon whether or not the data at that locatio exceeds a prede ned
threshold. Other sampling strategies are discussed, inding raster scanning, simple
random sampling, and strati ed random sampling. These saniipg schemes are anal-
ogous to those discussed in [25] (Section 2.1). Although thgoes of tasks identi ed
by the authors (e:g; identifying mineral deposits and localization of chemid&ources
on other planets) are suitable for the ACS scheme, environnmtal phenomena is not
always best characterized as discrete concentrations, &es in elevation measure-
ments that are spatially varied. Similarly, with respect tothe estimation portion of
their work, the aim is to minimize the statistical bias of themineral concentration es-
timated, not at all focusing on the details of change of conceation between any two
locations within the search space. When considering the sphmg of terrain elevation,
for example, this spatial change is important not only at thdargest peak elevations,

but in areas where smaller minima and maxima exist, therefey ensuring su cient
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coverage is important. Correctly approximating the entiresearch space is relevant
to the sampling task, not just where the phenomena's gradienr concentration is
largest.

Rahimi et al. contributed additional robotic work speci cally tackling the problem
of environmental phenomena modeling in a real environmer&][ The aims of these
authors' project, networked info-mechanical systems (NIMSare more in line with
our work, yet, their application is limited to the narrower domain of measurement
within forestry and task scheduling. The authors apply a se¥s of sampling strategies,
much like those employed by [4,40], to measure phenomenangi@n x-z or y-z plane

(Figure 6). This is accomplished by discretizing the samplspace and requiring
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Figure 6: Forest-based experimental set-up to monitor envionmental phenomena [5, 6].

repeat sampling at higher spatial resolutions where variae thresholds are exceeded
inside speci c \strata" or cells [5]. This sampling approal is termed nested strati ed
sampling. The navigation decisions of the mobile agent, hewer, are in uenced by
a network of static sensors embedded within the search spaeeectively guiding
subsequent sampling locations by the mobile agent. Using 8tasensors provides a
priori data, an assumption we do not make in our work. The usef the variogram,
a technigue common to geostatistics, is also a ftool discesgsby the authors. The

variogram is included to emphasize the spatial variabliltyof the data according to
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their sampling strategy. Although the work meets a unique neefor these types of
forest-like environments, this is a very narrow scope of o@dion within the broader

set of possible environmental-monitoring applications. Ab missing from their work
is a proposed measurement validation method.

In constrast to the previously mentioned work, other physal systems (tasked
with monitoring environmental phenomena) have been testeby NASA Ames Re-
search Center. The Haughton Crater eld tests are a continuan of work from 2009
that incorporate two K10 plantary rovers equipped with highpro le science instru-
ments [41]. These platforms produce high-resolution mapstbe test area using light
detection and ranging (lidar) and ground penetrating radaGPR) technology pri-
marily for the purpose of obstacle avoidance and path plamg. Included on the
science end of these missions is geologic mapping and gegsipghl surveys for plan-
etary exploration. The primary motivation of the NASA Ames work however, is
increased insight into the integration of both robotic and bhman teams. The actual
robotic tasks for the K10 platforms are, therefore, limitedo feasibility assessments.
More information on the details of this work is in [38,39]. Th specic application
of our work, i:e:, designing strategic sampling approaches for more accwagpatial
estimation and measuring their e ectiveness, is not an explt objective of the NASA
Ames work.

Precision agriculture is another category of work tied to pJsically implemented
robotic systems. Andersomt al. 0 ers a practical approach to increasing the potential
crop yield of farmers via a mission execution and planning s¢m (MEPS) which
coordinates farming tasks. This system organizes task atktion and navigation for
a set of autonomous agents with task-relevant farming equigent [37]. Their work
highlights improvements in soil sampling and chemical spyang, yet their design is not
centered around using the measurements of sampled (or seseformation to drive

the navigation decisions used to collect future samples. &h discuss a combination
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of navigation-related tasks that, following an initial suvey of an area, a farmer can

perform more detailed investigations:

Detection vehicles apply sweeping tasks to identify possilsontamina-
tion then generate go-to tasks during mission execution feampling and
cleanup vehicles to perform further testing and treatmenf suspected loca-
tions. Topological mapping requires a dynamic mix of the twagks during
mission execution. First, one or more vehicles execute btbaweeps to de-
velop a \rough" map, which is then re ned by recursively pesfming more

detailed sweeps within areas of high variability37]

Although resources used during the farming tasks are probghiaken into consider-
ation, there is no mention in the cited work of how managemertf these resources
a ects the operation of MEPS or any navigation-related desions.

Along the lines of realistic navigation planning, Jin outlires methodologies relevant
to precision farming in his PhD thesis [42]. Jin's work presuaes access to 3D terrain
data at the pixel level to successfully plan 2D and 3D survey®redominantly centered
around traditional lawnmower patterns, Jin establishes dailed heading requirements
of the autonomous farming agent by intelligently decompasy the eld of interest.
This work is accomplished under the assumption of access teettopography of the
search space and the high-resolution information it inclues. We will show in Chapter
4 how we mimick the lawnmower pattern while accomplishing ounavigation without
this prior knowledge.

Another application of the lawnmower pattern, discussed in7], promotes the
adaptation of the parameters de nining the pattern (:e:, swath width and linear-
ity). This work by Bourgeois et al. simulates survey times for a Northeast coastal
survey, segmenting coastal areas of interest into smalleolpgonal-shaped areas. For
each area to be surveyed by the team, three di erent variaties of a traditional lawn-

mower pattern were executed by a surface vehicle equippedwa bathemetry system.
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The authors of the simulation survey system introduce adapte parallel (AP), linear

regression (LR), and piecewise-linear (PL) line methods igure 7). The rst \pass"

Figure 7. Tested navigation methods (AP, LR, and PL) based onlinear transects, or
\swaths" [7].

or swath for each method is de ned at the boundary and every baequent swath,
thereafter, is determined by performing a t to the previoudine plus a shift to de ne
the next set of waypoints for the vessel to follow. The outle of a particular swath is
a function of its return signal strength as determined by théathemetry system. The
system assesses \the quality and coverage of the collectedadand adaptively deter-
mines where the next survey line should be placed” [7]. Thecktion of successive
swaths within the sampling space do not adapt to the inform&in gained from the
measurements made online, but are instead adapting to the ajity of return data
of the coastal oor during execution of each swath. In our wé we contrast the
di erence between sample schemes that adapt to the data ologed and those that do
not. Additionally, we provide metrics for evaluating how wdlthe sampling schemes
tested meet pre-de ned constraintsie:, error and resources) relative to one another.
Within the context of surveying, to our knowledge, the earéist work pioneering
the use of robotics to explicitly perform surveying tasks veaby Hashemiet al. [43,44].
Subsequently, his work was augmented by Tunstet al. [34,35] in an e ort to establish
di erent navigation patterns useful for search and local@ation of gases and water on
other planets. In the literature, a reigning theme is the agssment of navigation

patterns using a quality of performance (QoP) metric. The Q® presumes that an
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executed pattern will consist of continuous paths that arevenly and symmetrically
distributed across the sampling space. Although useful foheir speci ¢ work, the
QoP metric is not designed to provide a valid quality value ithese pattern placement
conditions are not satis ed.

The common limitation found in the robotic-based researclsithat the environ-
mental phenomena information observed is either ignored diig navigation decisions
or the information does not consider resource usage whilekieg to obtain adequate
coverage. As such, based on this previous work, we expand thetgmtial of robotic
surveying by o ering metrics to quantify how sampling straegies, that meet practical,

physical constraints, can generate the best reconstructiof the sampled space.

2.5 Broader Context: Mapping through Sampling

Many technological advances are used for mapping an enviroent. While our work
is unique, it is advantageous at this point to clarify how oumwork is signi cantly
di erent from other robot-based mapping applications.

Simultaneous localization and mapping (SLAM) is a well-docuented approach
for recording an agent's position within an environment wie also extracting im-
portant features of that environment. First proposed as a twotics problem in the
late 1980s [45], SLAM theory assesses geometric correlagidretween estimates of
landmarks, relying on an increase in these correlations dstnumber of observations
increase. The two goals of an agent executing a SLAM algorithame: 1) to generate
a map of the surrounding environment and 2) to generate a higrobability estimate
of where that agent is physically located within that map. Tlese goals are interde-
pendent. While we seek to map the environment around us, weeanot interested in
tasks pertaining to localization of our robotic surveyor asve already presume access

to that information via GPS. Also, we will not address obsta@ awareness/avoidance
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techniques, as SLAM typically considers. The environmentseaconsider are unob-
structed, whereas SLAM environments tend to include paths #t require the presence
of obstacles as landmarks, a necessity for the goals of ctatien and position esti-
mation.

Another initial comparison can be made between our work and # of wireless
sensor networks (WSN). The many approaches available for degment and mainte-
nance of smaller sensors distributed across a sampled spaake their employment
a viable option. Even mobile sensors designed to re-con guthroughout an area
equivalent in size to the pixel footprint, as discussed in Sgon 2.1, are attractive al-
ternatives [46,47]. A majority of the literature relevant b their use for environmental
monitoring, however, is lacking in examples of practical hdware implementations.
Of the simulated work found, the agents remain immobile andgssively monitor the
area of interest [48]. The coordination required to retries useful science data us-
ing multiple agents is a complex problem, therefore we acély seek out information
about the sample space using a single agent. Where our workedashare similarities
with WSNs is in the usefulness of our algorithms to individuainobile nodes operat-
ing within a network. Under the conditions that each node is tsked with covering a
subset of area within the sample space, application of our vy these nodes would
collectively achieve the goal of sampling the entire area.

Shared between SLAM, WSN, and our work are underlying princigs of statistical
learning theory (SLT). The best description common to thesapproaches to mapping
is how a function created by natural processes, is observed and recorded by another
function, f, whose goal is to estimate the expected dierence to some deg of

accuracy less than (Equation (1)).
EGfT fjl<: (1)

Although there exists partial overlap between these commuies of research (Fig-

ure 8), we address the mapping problem for the Earth sciencenomunity in ways
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other approaches to mappingd:g; SLAM and WSNs) do not. We provide a solution
tested in theory, software and hardware that prioritizes tke sampling of a prede ned
area achieved within user-de ned error and resource conaints by a single, manage-

able agent.

atistical Learnmg Theory

Figure 8: Intersecting scope of other robotic mapping appkations.
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CHAPTER Il

METHODOLOGY: METRICS FOR SAMPLING SYSTEM
ANALYSIS

In this chapter, we quantify the methods of estimating spaéilly-distributed phe-
nomena, which assist in providing information on how spea sampling con gura-
tions should be chosen. These methods require de ning a spa@r environment)
where samples (or observations) are collected, rules fotimsting values at unsam-
pled locations within that space, a ranking system to comparmultiple sampling
con gurations, and additional constraints that further justify selecting a particular

con guration.

3.1 Spatial Environment and Speci cations

For our work, we estimate environmental phenomena by combity navigation algo-
rithms, for sample selection, with interpolation techniges. We measure the e ec-
tiveness of these algorithms with respect to a set of error @mmesource constraints.
These terrain spaces are initially modeled mathematicallgs a family of real-valued
functions, Z, de ned in R?. We say that for a given navigation algorithm,A, and a
function, z from Z, A(z) maps to a space oB discrete observations. A functionzg,
is generated fromB as an approximation ofz, and has reconstruction error in the
range of [Q Error yax ]. Part of our aim is to choose a navigation algorithmA, whose
trajectory maps to theseB observations (or measurements) & such that a function,
2, generated from those measurements will approximarewithin a speci c range of
error. We discretize the sample space to more e ciently assg error between ground

truth, z, and our approximated function,zy.
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3.1.1 Discretization and quantization

To properly discretize our environment, let each locationni the sample space be
de ned by the matrix S = Xgim  Ygim, Where Xg4m =1[0;:::;;:::; (M 1)]; and
Ygm =[0;:::;;:::; (N 1)]. Here, M and N represent the quantity of rows and
columns of samples along the x and y dimensions, respectyyednd represents a
scientist-de ned spatial resolution,i:e:, the in-between sample spacing, such that,
belongs to the set of all real numberd$}. This discretization of the continuous space is
equivalent to overlaying a grid on top ok and only accounting for data at intersecting
grid locations. The discretization is also necessary forapling scientists to de ne the
desired level of lateral spatial accuracy within the pixeldotprint (Section 2.1). This
accuracy increases particularly as approaches 0. We de ne an upper limitMN , as
the total possible measurements (or observations) that cdre collected by a robotic
survey system. Additionally, for allx; belonging to X4, and for all y; belonging to
Yaim , there exists a sample from the terrainz(s;;j ). Let s;; = (x;;y;) fori 2 1: M
andj 2 1:N.

To properly de ne the nature of our measured phenomena, we i@m a quanti-
zation from a continuous to dual-class scale of each samp#tue collected and for the
ground-truth function, z. We let C represent a dual-class system de ning the values
of samples within the search spac&, whereC =[c;; c,]. This quantization allows us
to rede ne z asf. We calculate the mean of all values iz at each sample location,

Sij , and use the statistical meang, gs a threshold to de nef (Equation (2)).

2 aq ifz>z
f= (2)
> .
e ifz oz
This de nition in Equation (2) generates a quantized familyof functions, F. Subse-
guently, all samples collected by navigation algorithrA are also classi ed as belonging
to one of two classesg; or ¢;, and thus the original approximation, z), is hereafter

rede ned asfy (Figure 9).
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(a) Quantization of function z into function f for slowly varying values. Left
plot: Standard deviation=1.845. Right plot:  ayg =1.5%.
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(b) Quantization of function z into function f for erratically changing values.
Left plot: Standard deviation=4.522. Right plot:  ayg =0.285.

Figure 9: Contrasting the quantization of terrains with di erent features and the analogy

between standard deviation with ayg.

Since obtaining reasonable reconstruction error is, in gara function of sample

placement, the spatial arrangement and correlation betwedehe sampled values are

an important attribute of the environment. As such, we de ne aother condition

under which our navigation algorithms are tested. Just as #hstandard deviation of

values in a continuous function,z, range from small €:g; slowly varying elevation

measurements) to larged:g; erratically changing soil moisture measurements), the

same spatial frequency attribute is observed in a dual-cesystem,f . Speci cally,
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we sort example functions from clas§ into di erent types based on a metric of
average spatial frequency, ayg. This sorting is accomplished using information about
the tendancy of a terrain's adjacent sample values to switcliom one value to the
other (i:e:, from c; to ¢,, and vice versa) over the dimensions of the physical space.
The value, ayq, allows us to establish dierent types of terrain spaces anthore
readily identify which navigation algorithms are better sited for certain terrain types.
Given that our search space is rectangular in nature, we calate A4 as the average
number of changes between adjacent sample locations alohg positive x-direction
and positive y-direction for all rows and columns in the disetized space, respectively.

The spatial frequency of a given terrain is de ned as follows

A XU

2

miq;ny + mz:nz
-1 my=1 n;=2 np=1 my=2
Ave 800 MN(M 1)(N 1) 3
C 21 [ (Smuny) 6 f (Smym, 2] true
ming Ty ] (4)
- 0 Otherwise
8
o 21 (Snana) 6 f (Sqms )] : trUe o
UPHIFEE .
- 0 Otherwise
In Equation (3), rlnl;nl is equal to \1" if a change occurs between positiors,, .,
and sm,,n, 1. Similarly, Z_ .. is equal to \1"if a change occurs between locations

Sm,mn, and S, 1)n, IN the search spaceS. In the event that no change occurs
between adjacent positions, a value of \0" is assigned. Bak®n Equations (3)-
(5), a visual depiction of how spatial frequency is calculat for a terrain is shown
in Figure 10. In the example from Figure 10, there exists an exage switching
between classes detected in the functiorf,, of 6.5 (the average of six and seven

when moving in the positive y and x directions, respectively Identifying types of
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Figure 10: Frequency assessment of an example functiof,

terrains from F based on .4 is analogous to sorting di erent types of continuously-
valued environmental phenomena based on its spatial starrdadeviation. Separating
smoothly varying terrain elevation values (Figure 9a) fromerratically varying soil
moisture measurements (Figure 9b) is an example of distinghing between di erent
types of data in a continuous domain. We con rm the relationsip between standard
deviation of terrains in the continuous space anda,g Of those terrains' quantized

equivalent (Figure 11). In the next section, we will use ayq to help us identify the

0.25 T T T T

0.2- 7

(Quantized)

0.1r :

Avg

A

0.05- n

0 1 1 1 1 1
1 2 3 4 5 6 7

Standard Deviation (Continuous)

Figure 11: The linear relationship between standard deviaion and ayg.

quanti able di erences in performance between our estim&n methodology and a
traditional estimation method. Speci cally, we can distirguish how well our method

estimates spaces belonging to one spatial frequencyyq, versus spaces belonging to
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another.

3.2 Classi cation-based Interpolation

Evaluating the performance of relevant navigation algoritms for robotic surveying
depends heavily on the posteriori application of suitabl@ierpolation methods to esti-
mate information at unvisited, and therefore unsampled, ations. This dependence
exists because of several important factors that include:hsre samples are collected,
their observed value, and how they are related to one anothespatially, such that
an accurate estimate can be made at these unvisited locatgnit is important that
the relationship between these factors appropriately corhiments the theory of the
particular interpolation technique used to estimate the usampled locations in the

search space.
3.2.1 Estimation and Probability

To better relate the theory behind our methodology of estintang unsampled loca-
tions, we consider the task of sampling and estimation as aarest-neighbor classi -
cation problem. Based on the search space and the total nunlzé possible observa-
tions, B, we outline the theoretical performance that a robotic sueyor can achieve
in terms of probability of error generated based on its coliéeed samples. For any
number of samplesB, collected in the search spaces, let Qg equal the number
of unique combinations of B samples from all MN possible safep or observations
(Equation (6)).

MN !

Qe = BiMN  B)I ()

For each unique sample con gurationg,, whereh 2 1 : Qg, there existsMN B
unobserved locations, inS, that require an estimation based on thos® observed
locations. In this chapter, we will discuss the performanaaf our methodology based

on the total number of possible con gurationsQrot, for values ofMN equal to 9
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and 16 (Equation (7)).
XN
Qrotal = Qv (7)

v=1

It is important to note that Qrq grows and shrinks parabolically whem is allowed
to vary from a single observation to the total number of posiie observationsMN ,

in S (Figure 12). The large increase in the scale Qfrqa from MN equal to 9 toMN

MN=9
150 I I
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Figure 12: The trend of how the number of possible con guratbns in a space,S, changes
as the number of samples in each con guration increases frorthe smallest to
the largest number of possible observationsiMN .

equal to 16 emphasizes the computational challenge in catesing the performance
of all possible sample con gurations for larger values &N .

We establish an estimation rule, from which we derive a thepof average expected
error. Our estimation rule is based on & -point nearest neighbor principle similar to
kNN classi cation [49], where, given an unobserved locatips;; , information about
the quantity of observed locations, belonging to a particar class inC (Section 3.1),
is combined with information of the proximity of those sameamples to provide an
estimated value atsfj . The metrics drawn from our estimation process lead to an

expected error for each estimate and, consequently, a totakasure of expected error
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for each con guration, ¢,.

Let s, as a subset ofS, be the set ofB observations made withinS, and let 8,
as a subset ofS, be the set ofMN B unobserved locations at which values are
approximated based on the values a such that (s[ 8) = S. Let U =[ugy; uy], where
u; and u, are the quantity of nearest neighbor samples in set that belong to either
classc; or c;; respectively, and letu; + u, = L. Here,L is the maximum number of
nearest neighbors used to estimate a value at a location.

For a given estimation location,sfy , we also de neR as the maximum lateral
distance away from the estimate, irR?, where a nearest neighboring sample (from
set s) may exist. R is a normalization factor calculated based on the maximum
possible distance away from the estimate alon§qi,, and Y4m, R=[M + N 1]. R

is used in our estimation rule de ned in Equations (8)-(10).

Fa(8) = C if o< o (8)

8
§ a if o> o
3

w( ) Otherwise

wheref), A(8ij) is the estimate at unobserved locatiors;f* based on samples collected
by a navigation algorithm, A. Note that the value of the estimated function,f,
is equivalent to the value of the original functionf , at all visited locations, s, i:e:,
fl\A(Si;j) = f(sij), for all s. The variable, , is a uniform random variable de ned
between 0 and 1 and we de n&v( ) as a function whose output isc; if < andc;
if . The range for is between 0 and 1, although we assume a value foof 0.5

for all of our work. The values ., and ., are de ned as follows:

dc,.
o= T e ©)
u d 2;Av
o= TR (10)
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In Equations (9)-(10), d,,,, and d,,,, represent the average distance between the
estimate location, s, and all nearest neighbors, irs, belonging to classes; and
c,, respectively. The values represented hy, and u, weight the estimate, f, NETDE
towards the more likely classi cation. Our expected errordr sample con guration,
E[errorg,], is a function of the size of the sample spac8, the unique spatial place-
ment of each collected sample;; 2 s, and the value (or classi cation) of that sample,

f (sij ). Since we have a dual-class space, the expected error gategt by g, is stated

as follows:

MX B
Elerrorg,] = £ (8)g (11
g=1

Where we de ne g, for all MN B unvisited locations in the con guration, ¢,

at a particular location in S as follows:

a8 — (1 ) (12)

In Equation (12), equals a constant value determined a priori ands, (, represents a
probability of error for each estimated locationj:e:, a measure of likelihood that the
g estimate,fs (8)y, is incorrectly classi ed based on its nearest neighbor mfmation.

We calculate this error based on the con dence,, in an unknown sample's estimated

value. The con dence is de ned in Equation (13).

= a ol (13)

For all our work, we assume equals 0.5 to assign equal likelihood that an estimated
location will be classi ed asc; or ¢, in the event that equals 0. We incorporate
information of neighboring samples in our de nition of prolbility of error, (8
to acknowledge that as the quality of known information deeases,:e:, a smaller
guantity and greater distance away of neighboring samplethe expected error for

each estimated location increases.
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Actual error between the estimated functionf\A, and the original function, f , is
calculated as a sum of all estimated locationdN B that are incorrectly classi ed

by our estimator (Equation (8)) and is de ned in Equations (#)-(15).

I\/IX B
g
Actual — 971
error ;' = Q/I—B (14)
2 . _
0 iffa(8),="(8
- A(8)g = T(8)g (15)

71 iffh(8)y6 f(8)g

In Equation (15), s (&) is the estimated value at theg™ location, §,, while f (&) is
the true value of the originally estimated function at that @me location forB samples
collected according tA.

Our de nitions in Equations (8)-(15) enable us to generaterainformed measure
of expected and actual error for any dimension of spac®, Depending on the spatial
frequency off , these error metrics quantify how our informed estimation ethod

outperforms the more traditional method of single-trial Benoulli estimation [50].
3.2.2 Improvement over traditional estimation

We select single-trial Bernoulli estimation as a baselineethod to compare the per-
formance of our informed estimation method. We select sirgtrial Bernoulli estima-
tion because of its relevance in generating a classi catidretween one of two values.
Single-trial Bernoulli estimation is typically employed b determine the probability of
a \success" or \failure" for a particular event, i:e:, the probability, , that a ipped
coin will land heads is considered a single-trial Bernoulivent. In our case, we con-
sider the estimation of every unvisited location within thesearch space as an \event"
and we use single-trial Bernoulli estimation to determinehe value (or classi cation)
atall MN B locations. Just as we de ned our informed estimation rule, &vde ne

analogous metrics for this baseline method (Equations (:618)).
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8

2 .
i C1 if >

f’\"AI'radmonaI (éi;j )= S (16)

i

MX B
diti | —
E[error;-hra ftiona ] - (‘A’raditional (Q)g (17)
g=1

f’\;raditional (3) = (18)

Again, may be de ned a priori as a value between 0 and 1. We assume anabf 0.5
for our work, thus, the expected error generated according single-trial Bernoulli es-
timation, E[error ! ] is equal to a fraction of allMN B unsampled locations,
(MN  B). It should also be noted that the de nition of the actual erior gener-
ated according to single-trial Bernoulli estimation is idsetical to that for informed
estimation from Equations (14)-(15), excepf'; 2ditional (&) s used instead of s (8)g.
To verify the performance improvement of our estimation méiodology over single-
trial Bernoulli estimation (i:e:, \coin- ip" estimation), we evaluate the average ex-
pected and actual error generated by all sample con guratis of a square space with
MN samples and a speci c spatial frequency ofa,4. In the rst scenario, we de ne
M =3 and N = 3 to establish the discretized space$, and consider all possible sam-
ple con gurations consisting ofB samples, wheréB is increased from 0 taIN =9,
Avg = 25%, and L = 4 (Figure 13a). In these graphs, we compare the output from
our expected error calculations with the single-trial Beroulli estimation method as
the number of sampled locationsB, increases. We also compare these two methods

as the spatial frequency of the terrain, a.g, increases.
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For all scenarios considered, the average expected err&rferrory, ], generated
by our informed methodology outperforms the average expect error of the single-
trial Bernoulli estimation method. Similarly, our method produces favorable average
actual error when contrasted with that of the Bernoulli-basd estimation (Figure 13).
When the value of A4 is increased to 50 percent, we notice that the actual error of
our method begins to match the performance of the traditiorlanethod (Figure 13b).
Finally, for A,y = 75%, we see a degredation in the performance of our informed
method (Figure 13c). At this point, for estimation of any spaes exhibiting a spatial
frequency greater than 50 percent, we default to using tratbnal, i:e:, single-trial
Bernoulli, estimation. This test is repeated foM =4 and N =4 and B is increased

from O to MN = 16 (Figure 14).
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For each of the spatial frequencies considereda(g = 25, 50, and 75%) in our
MN = [9;16] scenarios, we make three important observations: 1) Asyg is in-
creased Ke:, avg > 25 %), based on the actual error calculations, we default to
using the traditional, single-trial Bernoulli estimation technique. 2) The expected
error generated for all possible con gurations oB samples is not impacted signi -
cantly by data sampled at one spatial frequency versus anah(left plots of Figures
13a-14c). 3) Of the terrain types where informed estimatioshows the greatest im-
provement over traditional methods for actual data (ayg 25 %), the number of
samples recommended per con guration is approximately 3@ percent of the total

possible number of samples 8.

3.3 Con guration Ranking: Expected and Actual Error

We observe, from the theoretical results in Section 3.2.2hdt the number of samples
chosen to estimate a space is important, but also as importais the unique spatial
arrangement (or con guration) of those samples relative tone another and relative
to the spatial frequency, ayq, Of the sample spaceS. Suppose onlyB samples may
be collected by a robotic survey system. This limitation, inerms of sample quantity,
reduces the number of possible sample con gurations considd for S from Qroa
(Equation (7)) to Qg (Section 3.2.1). Still, depending on the size & and MN , that
amount, Qg, can be quite large as shown in Figure 12. This is particulgrtrue if B
is approximately 30 percent oMN (Section 3.2.2). Once the upper limit of possible
sample con gurations is determined (based oB samples), it is necessary to identify
which of the Qg con gurations will provide the best (i:e:, lowest) total expected error
when applied to the spaceS. Before we can discuss how a robot physically navi-
gates between sample locations, we must determine which aguration of B samples
provides greater benet when ranked relative to alternateample con gurations of

the same sample quantityj:e:, B. This ranking is achieved by assessing the average
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con guration con dence, ayq, for each con guration from all Qg con gurations pos-

sible (Figure 15). Our ranking metric, a4, for each con guration of B samples, is

Setof all O
configurations

Qi
qz
ga

-

da

Elerror]

Q=1 nAVg

Figure 15: Ranking of all Qg con gurations according to con dence measure, ayg.

the average measure of con dence that our informed estimati method has correctly
estimated each of the remainindN B unobserved locations (Equation (19)).
MX B

— i=1
v NN B a9

In Equation (19), ; represents the measure of con dence (or certainty) that the
estimation of thei" unsampled location is accurate. This ranking metric is caltated
given a particular sampling con guration, ¢,, for h 2 1 : Qg. The average of these
con dence values, ;, measured across all unsampled locationglN  B), therefore, is
represented asa,g. This measure of 5,4 is important because, from it, we can project
the total expected error that a speci ¢ sampling con guraton will generate based on
a con dence measure of how well we believe its remaining ungaled locations will
be estimated.

To show the relevance of this ranking scheme, we tested allnagurations for
M =3 and N = 3 relevant to speci c values ofB 2 1 : MN by generating unique
sets of con gurations,Qg=; through Qg-un . We apply each set oz con gurations

to 50 terrain examples for a specic spatial frequency, a,q. From these example

35



tests, we can evaluate a con guration's expected erroE(error, ]) as a function of

its average con dence (avg) for a specic terrain type, ayq (Figure 16). The tests

Avg. Exp. Error Vs. nAvg; MN=9
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Figure 16: Expected Error (E[error 4,]) versus Con guration Estimate Con dence ( avg),
MN =9, ayg =25%, B=[2,4,6,8].

are repeated forM =4 and N = 4 (Figure 17).
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Figure 17: Expected Error (E[error 4,]) versus Con guration Estimate Con dence ( avg),
MN =16, avg =25%, B=[3,6,9,12].

In the plots, each trend line represents the range of perfoance (average expected

error) for all Qg con gurations comprised ofB samples. We account for the trend

36



based on the linearly proportional relationship between #htwo quantities, a,q and
E[errorg,] (Equations (11)-(13)).

When we isolate a single trend for a speci ¢ value &, we can compare expected
error (E[errorg,]) versus actual error errorQth“a') that a set of con gurations will
generate when applied to terrain examples that exhibit a spec spatial frequency,

Avg- We showed, previously, that A,y places a performance limitation on our inter-
polation methodology (Section 3.2.2). Setting ayg constant for each terrain tested,
we demonstrate the e ectiveness of our interpolation metltbfor a single set ofQg
con gurations of increasing estimate con dence (Figures8). ForM =3, N = 3,
and B = 4, we plot the average expected error of alQg con gurations and their
average actual error generated when applied to 50 examplergen spaces. This data

is plotted as a function of ayg.

MN-=9, B=4, ?LA =25% MN=16,B=6,%, =25%
vg Avg
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Avg. Error
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Figure 18: Error (Expected and Actual) versus Con guration Estimate Con dence ( avg),
for MN =9, B=4and MN =16, B =6, ayg =25%.

In Figure 18, because of the types of terrains to which th@g con gurations
were applied, the total actual error generated falls at or bew the total expected
error. This trend of lower actual error is consistent acrosall sets of con gurations
for di ering values of B when A4 25%. These tests are extended to the case of

M =4, N =4, and B = 6, where we notice the same consistency in the performance
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of our methodology for increasing ayg .

Using our estimation method, we can expect the upper limit oncéual error,
generated using these con gurations, to be de ned by the ergted error of those
same con gurations. This upper limit, however, fails to ha at greater values of
spatial frequency, a.g. When the spatial frequency of the terrains increases above
50 percent, agreement between the expected error of our methand the actual error

generated begins to degrade (Figures 19-20).

MN=9, B=4,A, =50%
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Figure 19: Error (Expected and Actual) versus Con guration Estimate Con dence ( avg),
for MN =9, B=4and MN =16, B =6, ayg =50%.

Plotting expected error as a function of con guration estimte con dence enables
us to hone in on the subset oQg con gurations most capable of generating error that
falls within prede ned error constraints set by a scientist priori. Knowledge of these
speci ¢ con gurations is useful to scientists, but also to @boticists who design nav-
igation strategies for implementation. The nal assessmémeeded to develop these
strategies is knowledge of the cost associated with implenti@g each con guration,

which we discuss in the next section.
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Figure 20: Error (Expected and Actual) versus Con guration Estimate Con dence ( avg),
for MN =9, B=4and MN =16, B =6, aywg = 75%.

3.4 Application of Performance and Resource Constraints

Thus far, we have described a methodology for informing a entist how to quantify
the range of possible sampling options available for estitiveg a spatially distributed
phenomena. If the spatial frequency of the phenomena fall der a speci ed maxi-
mum limit, we have shown the performance improvement of our @thodology over
that of single-trial Bernoulli estimation for a con guration of any number of samples.
Furthermore, we established a ranking system used to deteirme the estimate con -
dence of a particular subset of con gurations relative to aanother. This ranking
system allows us to identify how the expected error fdQg con gurations de nes a
maximum ceiling on actual error, also for terrains of a specispatial frequency. The
nal attribute of our work discusses the analysis of how physal constraints impact
the selection of which con gurations are best suited for ssdtion and application in

a space,S.
3.4.1 Average Nearest Neighbor Distance

Nearest neighbor distance information is bene cial when éstating spatial data at

unknown locations (Section 3.2), but also when quantifyinthe spatial relationships
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of known locations. Empirically-based sampling studies i@ shown the benet of

evaluating the performance of sampling designs as a functiof nearest neighbor-
based metrics. One such example is the nearest neighbor in@BINI), a ratio of the

average nearest neighbor distance between all samples ipace to a baseline distance
exhibited by a random spatial placement generated by a Poas process [51]. Since
our interest is in the raw cost (or sample-to-sample distaecrequired), we leverage
the average nearest neighbor distance as a measure of th@ueses (or cost) required

to collect samples arranged in a speci ¢ con guration (Equ#on (20)).

NN
dy

DNy = =g — (20)

In Equation (20), D% is the average nearest neighbor distance calculated for aesp
ci ¢ con guration. This metric is applied to a given set of ca gurations, Qg, for

a speci ed number of samplesB. Likewise,d'N is the nearest neighbor Euclidean
distance for each of theB samples in that con guration. If we plot the expected
error generated by all our con gurations as a function of tis average nearest neigh-
bor distance (keepingB constant to select a particular subset of con gurationsQg,
to analyze), we may identify which con gurations fall within scientist-de ned con-
straints (Figure 21). We re-illustrate our con guration castraints with the case of a
space,S, dened by M =3 and N = 3, for con gurations belonging to the setQg,
whereB equals four, for terrains with a,q = 25% (Figure 22). We repeat for larger
spaces M =4 and N =4) and B equal to six (Figure 23). As the size of the space
considered grows, the density of con gurations per averagearest neighbor distance
measurement increases signi cantly such that there existsly fractions of di erence
in actual error between di erent con gurations in Qg. This increase in con guration
quantity is attributed to the combinatorial relationship discussed in previous sections
(Equation (6)). We plot these specic scenariosj:e:;;, MN = [9;16], for two rea-

sons. First, we want to represent, graphically, the relatimship between the expected
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Figure 21: lllustration of how con gurations are identied according to the performance
constraint of error and the physical constraint of resourcs.
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performance of a single sampling con guration and the resmes required for that

con guration to be executed. Second, we want to acknowleddlee similarities that
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Figure 23: Actual Error (error 2“3 ) versus Average Nearest Neighbor Distance D )\;y, ),
(MN) =16, ayg =25%, B=6, for h=[1.. Qg].

exist in performance and required resources between growson gurations. These
similarities are most prevalent for larger spaces where,ngequently, larger quantities
of con gurations and larger sample sets exist. As a result, éhspatial location of one
or a few samples, out oB total samples, can have very little impact on the total
expected error for a con guration. Yet, those same few sangd can considerably
impact the resources required to achieve the con gurationThese two reasons are
better quanti ed when a user de nes their speci c needs.

As a nal comparison of which con gurations (from allQg possible con gurations)
satisfy user constraints, leterrorya., and DN represent user-de ned performance
and resource constraints, respectively, whemrrory.x and DN are each greater
than zero. Also, let p and r be de ned as the weights of user importance that
are placed on each constraint being satised, where 0 p» 1,0 rR 1land

p+ r =1. Forexample, if a user considers equally important thathie performance

and resource constraints be satis ed by a selected samplenguration, then we let
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p = gr = 0:5. If, however, the condition exists that the sampling con gration
meeting the error constraint is more important than meetinghe resource constraint,
then we mightlet p =0.8and g =0.2, yet, the speci c values for p and r are user

de ned in addition to the constraints, erroryax and DY, . Using these de nitions,

a score, is generated for each con guration that falls within the boadary area
de ned by the contraints (Figure 21). The formula for this sore is found in Equation

21).
jerrorya  error pcudl | iD Niax DRIV'\QJ']

I+ rI

error v ax DN,

= p[ (21)

Combined with the metrics outlined in previous sections ($#ons 3.2-3.3), this ap-
proach helps to establish a viable method for identifying & of con gurations that
accurately estimate a spatially diverse environment whilsatisfying user-de ned con-

straints.
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CHAPTER IV

ESTABLISHING A NAVIGATION METHODOLOGY

4.1 Sampling Con gurations via Robot Navigation

Here, we provide a background on how mobile robotics reseatgpically addresses the
task of sampling. From this added perspective, we can selecset of candidate sam-
pling con gurations relevant to robotic navigation. In Setion 2.4, we presented the
scope of research conducted using mobile robots for envineental monitoring appli-
cations. In the robotics community, exploration and coveige algorithms are used for
obtaining complete coverage of an area where a set of samglpoints are carefully
chosen based on design-speci ¢ conditions. Some of thesgoathms perform well
with respect to their sensor-speci ¢ solutions. These algthms highlight the novelty
of incorporating a sensor in the coverage task;g; using vision or close-range sound
detection and ranging (sonar) to project subsequent waypus for a robotic agent to
follow [7,52]. Still, these algorithms de-emphasize the purtance of obtaining accu-
rate reconstruction of the space via strategic sensor plawent/measurement within
the environment while operating under speci ¢ constraints

Other algorithms consider selecting unique measurementchtions, yet require
data a priori to guide the exploration process and consequbmnthe navigation [4,53].
This known information is typically provided by wireless sesor nodes deployed prior
to an experiment for long-term monitoring [54,55]. Still, wen areas are remote and
scientists are seeking survey information within uncharted locales, the importance
of local navigation based on immediately sensed informatids desirable for envi-
ronmental monitoring applications. The following discusss the process by which we

identi ed several navigation strategies that obtain locdy-relavant detail in sampling
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while requiring no prior information about the interior of the investigated area.
4.1.1 \Vetting Unique Navigation Strategies

Our search for a navigation strategy that provides su cientperformance in sampling
an area begins by contrasting the spiral, lawnmower-traddnal, and concentric circle

patterns (Figure 24) [35,43]. Each of these patterns alloves scientist to de ne the

Spiral Lawnmower Concentric Circle

Figure 24: lllustration of rst three navigation patterns ¢ onsidered for obtaining sampling
con gurations.

values of parameters €:g; swath width and iteration quantity) that will determine
the range of coverage, as these parameters dictate the exgi@aness of their broader
geometric shape. The relevant literature contrasts the pfrmance of these robot
navigation patterns by the total Euclidean (or sequential)distance traveled by an
autonomous agent executing each pattern. The metric usedtlse Quality of Perfor-
mance (QoP), de ned asQoP = A =D, where As is the total area to be surveyed
and Ds is the total distance required to complete a particular covage pattern [35].
Unfortunately, using Euclidean distance, only, can yield dérent root mean squared
(RMS) error estimates for that same sample space (Figure 25Jhis is particularly
true when those coverage patterns are used to designate séngplocations and re-
sulting samples are used to reconstruct the area of interest

As the plots demonstrate, while the impact of varying the pattrn placement

within the sample space is captured by the actual measure afr@ calculated, the

45



QoP vs Pattern Iterations. QoP vs Pattern lterations QoP vs Pattern Iterations
000 2000 2000

500 1500 1500

E
1000 o 1000-
3

=]
8
S
QoP [m]

500 500 500-

0 ' ' '
G0 2 4 6 8 10 12 0 2 4 6 8 10 12 OD 2 4 6 8 10 12

Number of Iterations Number of lterations Number of Iterations
RMSE vs Pattern Iterations RMSE vs Pattern Iterations RMSE vs Pattern Iterations
T ' 1.3 2

— =

1 "‘—‘\/“\\\ £ E15-
gl o
) @

oe E 1 \/\/ 5 T

0 . . . 0.9 . 5 . . . .
0 2 4 6 8 10 12 0 2 4 6 8 10 12 0 2 4 6 8 10 12
Number of Iterations. Number of Iterations Number of Iterations

(a) Sample pattern, centered. (b) Sample pattern shifted south. (c) Sample pattern shifted west.

Figure 25: QoP (top) and RMS error (bottom) plots resulting from the simulation of an
agent navigating in a spiral pattern. As shown, while the characteristic of mea-
sured error, ice:, the RMS error curve based on collected samples, varies as a
function of pattern placement within the sample space,S, the QoP does not.

variation is not re ected in the QoP. Using the QoP as the only ratric in evaluat-
ing performance of a robotic survey system presumes the sdenpelection process is
independent of the phenomena being measured. Also, when aiitagp navigation to
changes in monitored phenomena, symmetric application ofnavigation pattern can
not be guaranteed, thus highlighting the value in using meics that are speci cally
designed to account for variable information (Chapter 3). Bfer to Tunstelet al. and
Parker et al. for a discussion of the theoretical [35] and practical [146bimplemen-
tation of lawnmower-based navigation patterns considerefdr robotic surveying. In
light of this ambiguity in extracted information about the surveyed area, we focus on
the error metric as our primary tool for contrasting perfornance of these navigation
patterns as sampling schemes. To compare these patterns,measure the RMS error,
" between the original terrain and terrain re-created fromasmples collected in the
shape of each pattern. Also, we reconstruct these spaces gsinterpolation options
designed for estimating continuous spaces. The RMS error tme is used to measure
accuracy of estimates, especially in the mapping professiand is relevant for our
initial comparisons of sampling schemes. We will discuss racabout the usefulness
of RMS error and our interpolation selection for continuoug-valued data in the next

chapter.
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To ensure su cient coverage, the robotic agent executes dapattern symmetri-
cally across the sample space, with successive swaths gu@tdced. For evaluation,
we execute the three patterns (lawnmower-traditional, spal, and concentric circle)
on a set of 100 digital elevation models (DEM) with di erent undulating features that
mimic realistic terrains (Www.gameprogrammer.com/fractal.html). By evaluating
each pattern at di erent percentages of coverage, we calatg the average RMS error

along with the variability in that error (Figure 26).

1
ik,
HE

1.5 7 e
‘ : i ¢ H =Y
12r ——M | * H : =+ Spiral
== Spiral 2 i H —*=0C
——CC t e i .
1 1 o H !
11 s .
0.8 £ i H i o
i P 1 i
. s NONUKINEAL il 5 i s
%0.6 é H EH : i E i 1 s
n:05 i Il g E' | :
04 iT H H
ik 8. 8 8
13

[ o

H B
: '
$5 L

1 L L L [ 1
ol 1 1 pbi ¢ wlbe g el | e L
0 2 4 6 8 10 0.885 1.769 2.655 3.539 4.425 5.309 6.195 7.079 7.965 8.849
% Coverage % Coverage

(a) RMS error. (b) Variability in RMS error.

Figure 26: Contrasting RMS error between lawnmower-tradiional, spiral, and concentric
circle navigation patterns.

Consistently across all ranges of percent coverage, the famower-traditional pat-
tern yielded the lowest average RMS error. The traditional € nition of percent
coveragej.e:, total Euclidean distance divided by total distance betwegall possible
sampling locations, was used to sort and plot the results inigure 26. As cov-
erage increases, the error generated by lawnmower-traditial and concentric circle
patterns begins to converge, yet, this is commonly the caserfany pattern when
sampling quantity, and thus coverage, increases. Since outerest is in identify-
ing the navigation strategy that minimizes RMS error, we remve the spiral and
concentric circle patterns from further consideration, fousing on developing naviga-

tion strategies that will lower the average RMS error beyonthe performance of the
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lawnmower-traditional pattern (Algorithm 1).

Algorithm 1 Lawnmower-traditional navigation scheme

Require: Static navigation policy, r(g) (gq= All northing positions across a swath)
Require: Border dimensions dimx; dimy; Sample spaceS
(PSt) = S=Resourced De ne vector of starting locations for each swath accord-
ing to resources availablg
for k  length(PSt) do
X Torl (pSkk):all) = S(PS-(k);all) f Navigate acrossS, collecting all samples
at designated Y-position,PSt (k)g
end for f Store total set of sampleg
5: return X To@!

Initially, we proposed that by applying methods in uenced ly informed search
techniques, we would succeed in obtaining even lower RMS @rrresults than the
lawnmower-traditional pattern. This rst attempt at \inte lligent" navigation was
formulated as guiding the agent's navigation decisions amding to ad-hoc combina-
tions of steepest ascent and steepest descent rules. Forgation testing, we assumed
the availability of multiple agents, where each agent is agged an initial location on
the border of the sample spaces, and proceeds to navigate according to the afore-
mentioned control laws. As a part of the navigation design, #se starting points were
de ned only at evenly distributed locations around the borér of the sample space as
we do not presume knowledge of the area's interior. Since paf our contribution
is predicated on operating with a lack of a priori knowledgehe border was used as
our only information reference. Furthermore, the evenly diributed border locations
were a better option since allowing each agent to start at adation in the same re-
gion led to poor performance. This was evident when we diseoed that each agent
would get caught in the same local minimum or maximum, failig to cover areas re-
motely located from their start position. We observed, in eacuting these navigation
policies, that applying solely one rule €:g; steepest ascent or steepest descent) lim-
ited the extent of internal penetration and sample collectin of the area of interest.

We, therefore, tried alternating combinations of both of tlese policies. Initially, we
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instructed agents to navigate according to a steepest astgolicy. Once a peak in
local maxima was reached for all agents, a new border surralimg the remaining
unsampled, inner portions of the sample space was de ned atite policy was re-
peated with new \psuedo-border" locations allowing incresed interior penetration
of the sampling area. Navigation was resumed using the stespdescent policy to

achieve increased internal penetration of the space (Algtmn 2).

Algorithm 2 Combined navigation policy procedure.

Require: Choice of primary and secondary navigation policies, (g) &r.(q) (q =
Steepest Ascentjj Steepest Descent
Require: Number of agents, NN  1); border dimensions dimx ; dimy ; Sample spaces
f De ne the required number of starting locations on border foN agentsg
border = locatg(S) f Store a vector of all the k;y) coordinates for each possible
border location in terrain S.g
for n=1to N do
Sh(X;y) = border(n) f De ne the next agent's starting location indexed accord-
ing to n.g
Xs = Apply ri(q) at S, (x;y) fApply primary navigation policy to terrain and
store recorded sampleg.
5. end for
Require: border dimensions of the interior dimx; ; dimy;; Unsampled interior of SS
f De ne the required number of starting locations equal to theaumber of border
locationgy
border, = locatg(S;) f Store a vector of all the &;y) coordinates for each possible
border location in terrain, S;.g
for n =1 to length(border) do
Sh(x;y) = border(n) fDe ne the next agent's starting location indexed ac-
cording to n.g
XL = Apply ry(g) at S,(x;y) fApply secondary navigation policy to terrain
and store recorded samples.
10: end for
XTotaI = Xs+ XiS
return X To@

An example output of the sampled space is shown in Figure 27.
In similar fashion to the comparisons between lawnmowerdaditional, spiral, and
concentric circle patterns, we placed the lawnmower-traibnal pattern alongside our

next set of potential navigation methods, termed SA-SA (st@est ascent-steepest
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Figure 27: Two-phase application of simple control laws on ample space, initial applica-
tion of steepest ascent rule(left), subsequent applicatio of steepest descent rule

(right).
ascent), SA-SD (steepest ascent-steepest descent), andd@mn motion. The latter
method, random motion, was included to test if providing artbrary, or random, head-
ing information would yield sample con gurations with lowe RMS error than both
a static approach,i:e:, lawnmower-traditional, and a more informed one, as found
in our SA-SA and SA-SD navigation policies. Surprisingly, eacmethod fell short
of outperforming lawnmower-traditional, based on the RMSreor plots generated

(Figure 28).
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Figure 28: Contrasting RMS error between lawnmower, SA-SASA-SD, and random motion
navigation patterns.
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There were multiple problems with the SA-SA and SA-SD approael. First,
blindly applying a rule-set to sensed data is too reactive @ behavior for a system
where minimizing resource usage is a design goal. Part of @aal in developing an
adaptive navigation scheme is having the capability to contl the robotic surveying
system (RSS) to ensure performance objectives can be metrewden these resources
are minimized. If speci c constraints are not placed on thegent's execution of these
control laws, the upper bounds on the resources are no longggterministic and
become purely driven by the phenomena. Since informed sdamethods in uenced
the design of these navigation strategies, our heuristicsqvided agents with a series
of sub-goals, locating local minima and maxima, without anpper bound on how
many of each should be achieved. Second, there is no spatialcure in the samples
collected as the direction of the paths generated are arlainly dictated by the agent's
adherence to its rules of navigation. This lack of control @ sample placement could
leave certain areas more heavily sampled than others. TaKer example, the heavily
sampled northwest interior corner of the test DEM versus thgoid of samples in the
southeast corner in Figure 27. Although four possible comtitions of the steepest
ascent/descent policy were tested:€:, SA-SA, SA-SD, SD-SA, and SD-SD), only two
are presented in this preliminary analysis as an example seanone of the four options
led to lower RMS error than lawnmower-traditional. This tes was repeated across
the same test set of 100 DEMs and the RMS error values were aged, showing no

improvement over the lawnmower-traditional navigation stategy.

4.2 Establishing a Baseline Navigation Method

As a result of the preliminary navigation testing, we turn ourattention to the
lawnmower-traditional navigation pattern and the variations available that produce

a viable set of sampling con gurations. This portion of our wrk is inspired by the
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hydrographic survey experiments discussed in Section 274.[We chose a set of nav-
igation solutions that each yield speci ¢ performance andesource constraint-based
bene ts. Additionally, these solutions leverage the bene bf collecting information
symmetrically (i:e:, executing even, parallel swath-like trajectories acroske area).
For each solution in the set, how the characteristics of thetrajectories change is

de ned based on the information collected online during nagation.
4.2.1 Lawnmower-traditional navigation

Research in the eld of environmental monitoring can placedavy emphasis on the
necessity of only considering \intelligent solutions", hwever, previous work has shown
the su ciency of drafting and executing a \static" navigation plan without making
concessions for adaptation during execution [7,42]. Theimary static navigation
scheme selected is lawnmower-traditional navigation (Algthm 1).

Just as it sounds, lawnmower-traditional navigation assuas the execution of
repetative, evenly-spaced, linear trajectories across amea. For our purposes, we
dictate that each sample, collected by an agent executing ithnavigation scheme,

is positioned along a straight line as a part of a particularvgath (Figure 29). The
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Figure 29: Lawnmower-traditional trajectories that provi de static, linear data collection,
preserving resource usage but achieving minimal spatial gersity of samples.
Navigation is in the positive x direction for successive swins placed along the
y axis (3, 5, and 8 swaths).

primary variables of interest dictating the lateral diversty of the entire pattern are the
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size of the spaceyl , N, and the user-de ned resources. These resources allow a tise
project how many linear swaths, totalingB samples, may be executed throughout the
space,S. For example, if a scientist only has enough battery poweirg:, resources, to
sustain navigation across the sample space two times, thewmtreference swaths evenly
spaced across the area will be applied and two swaths of saegpivill be collected.
The lawnmower-traditional navigation is a conservative sapling scheme, minimizing
resource usage;e:, an agent traverses short distances between subsequent pkas.
In contrast, the performance constraint {e:, reconstruction error) is more dependent
on the data observed at each sampling location and the estitten methodology

selected.
4.2.2 Lawnmower-random navigation

We include a second sampling methodology to test the feadityi of previous ap-
proaches in randomness considered by both the sampling amsbotics communi-
ties [1,5, 18, 20,53]. The concept of random sampling for oapplication is im-
plemented by de ning the agent's heading towards its next saple along a swath

according to a randomly selected value in situ (Algorithm 3).

Algorithm 3 Lawnmower-random navigation scheme

Require: Random navigation policy r(g) (q= Random variable)
Require: Border dimensions dimx ; dimy ; Sample spaceS
(PSt;bw) = S=ResourcesfDe ne vector of starting locations for each swath
according to resources availablg.
f De ne bandwidth (i:e:, swath width) of allowable search range according to
resources available for the sample spage.
for k length(PS‘) do
YRange = [PkSL bw .
Xs= Xs+ Apply r(q) at S(F;k;y) for (1 x dimx;y = Yrange)
f Apply random navigation policy to terrain along a single swdt and store
recorded samples,
5. end for
X Toll = X f Store total set of sampleg
return X To@
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This method provides a spatially-diverse sampling distriltion and would appear
to be an ideal navigation strategy with respect to the perfeanance constraint,i:e:,
low reconstruction error. The one caveat to this approach ihat the robotic survey
system must actually navigate to these randomly selected waoints and, therefore,
will likely incur a hefty penalty in total distance traveled. This increase in distance
traversed compromises the opportunity for lawnmower-rarmmn to successfully meet
a user-de ned resource constrainD i . Example lawnmower-random sampling tra-

jectories, for an increasing swath count (0B samples), are shown (Figure 30).
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Figure 30: Lawnmower-random navigation trajectories thatguarantee well-distributed sam-
ple location, yet are costly in terms of resources. Navigatin is in the positive x
direction for successive swaths placed along the y axis (3, &and 8 swaths).

4.2.3 Lawnmower-informed navigation

Like lawnmower-random navigation, making spatially-dynaic sampling decisions on-
line also has promising bene ts to improving performance;e:, lowering reconstruc-
tion error. Simultaneously, in contrast to the static natue of lawnmower-traditional,

there are bene ts to accomplishing the sampling task withdiexpending unnecessary
resources. When speci c information is detected in sampledformation, i:e:, better

information at lower cost, a greater reward relative to a gleal goal should cause a
change to navigation decisions. Previous empirical testsewperformed had shown

that one feature common to maps that yielded error values |l@wthan those sampled
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according to the lawnmower-traditional pattern was the preence of partial, contin-
uous paths scattered throughout the terrain. This is most kely the case because of
the variety in sample placement in contrast to the stark linarity and uniformity of
the samples collected according to Algorithm 1. We recommemchavigation strategy
whose waypoints are both non-deterministic and do not reqei traversing long dis-
tances. With this navigation approach, we obtain greater sial diversity of sampled
information like lawnmower-random, yet with the speci c am of using our informed
estimation theory (Chapter 3) to in uence subsequent samplselection. Additionally,
sample selection is in uenced by proximity of potential sapples to the robot's current
position, to attempt at reducing resource usage while impving reconstruction error

(Algorithm 4).

Algorithm 4  Estimation-informed navigation scheme

Require: Choice of navigation policy rs(q) (0= ayg = estimation confidence)
Require: Border dimensions dimx ; dimy ; Sample spaceS
(PSt;bw) = S=ResourcesfDe ne vector of starting locations for each swath
according to resources available and bandwidth:¢:, swath width) of allowable
search range according to resources available for the saenppaceg
for k  length(PSt) do
Yrange = [P- bw] st
Xs= Xs+ Apply rg(q) at S, for (1 x  dimx;y = Yrange)
f Select subsequent sample based on 1) the estimation con den a4, and 2)
proximity to agent's current position calculated for eachdcation in a candidate
set of sampleg
5. end for
X Toal = X f Store total set of sampleg
return X Tow

As with lawnmower-traditional navigation, the actual numbe of swath references
used is a function of the user-de ned resources. We presumer @agent's general
heading to be directed in the positive x direction, using stec lawnmower swath lo-
cations as a reference. Meanwhile, it is intended for the ags actual heading to
deviate from this reference as a function of two values calated for each sample from

a candidate set at each time step. These two values are theipstion con dence,
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Avg, and the distance from the agent. Each sample selection is dei:e:, the func-
tion, rs(q) is applied, speci cally, by identifying which location, fom a local subset,
generates the poorest con dence valueayq, and is physically located the closest to
the robot's current location. We identify candidate sampldocations generating the
poorest con dence value so that we may reduce the quantity emvisited locations
whose expected error will be greatest. At the same time, wetelr from those loca-
tions with the poorest con dence the sample location close® the robot's current
location to reduce resource usage. This step in our algonithis analogous to a con-
servative exploration policy, aiming to achieve minimal eor at a reduced cost. The
con dence, Ay, is calculated at each time step based on the current samplalseady
included in the total set of observations to that point in thenavigation. The sample
location, from the candidate set, found to meet this crited is selected as the next

sample (Figure 31-34).

Swath Reference __

Candidate
sample locations

Navigation DireCtion  fe——

Figure 31: Initial scene for sample selection, including iitial border information designated
asc , where equals 1 or 2 in the dual-class environment.

These steps are repeated until the end of the designated refece swath is reached
within the sample space (Figure 35-38). When this series @fsple selection decisions
is executed during navigation, a speci ¢ set of trajectorgeis generated (Figure 39).

Our estimation methodology could be implemented multiple ays to accomplish
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Figure 32: Identify potential sample locations with lowest con dence measure, ayg-
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Figure 33: Identify potential sample locations with lowestcon dence measure, ayg, located
closest to current location.

sample selection. We present this form of a decision policy an example of navigation

that is speci cally driven by our informed estimation theoy.

As example navigation options, each type discussed here (fanwower-traditional,
lawnmower-random, and lawnmower-informed) yields a uniguapproach to achieving
a spatially diverse set of sampling con gurations. In the né chapter, inspired by
these approaches to navigation, we validate each of thesébotic-based sampling
schemes with our metrics from Chapter 3. We will also identifhow these sampling

schemes are compared against one another according to penfance and resource
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Figure 34: Make sample selection from options satisfying l@nmower-informed algorithm
criteria.
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Figure 35: Repeat of sample selection at t=2.

constraints.
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Figure 36: Repeat of sample selection at t=3.
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Figure 39: Informed navigation trajectories that provide increases in spatial diversity. Sam-
pling approach preserves resource usage but also makes iltigent sampling de-
cisions as a function of our informed estimation methodolog Navigation is in
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CHAPTER V

EXPERIMENTAL SETUP AND RESULTS

In Chapter 3, we outlined our theory for our informed estimabn method and eval-
uating the performance of that method when applied to a spac&. In Chapter 4,
we used this theory to design a navigation scheme for the puge of sampling, also
introducing other baseline navigation algorithms. Earlie we con ned the validation
of our theory to a small con guration space based on the exhsaiive set of all Qo
sample con gurations in those spacesMN = [9;16], Section 3.2.1). In this chap-
ter, we validate our method for robotic navigation algoritims that generate a set of
sample con gurations within more realistically sized spas. The size of these spaces
are more relevant to the actual sizes of the pixel footprintidcussed in Chapter 2
(Section 2.1). We, rst, introduce our system analysis togal, including a vetted dig-
ital elevation map generator (or \DEM maker"), used to valicate these navigation

algorithms as viable sample selection mechanisms.

5.1 Modeling Spatial Data: Simulation and Validation Tools

We employ several tools that assist in validating our samplg and estimation method-
ology. Metrics and technical speci cations relevant to mapng are the rst item to

address.
5.1.1 RMS Error Metric in Spatial Sampling

Concerning evaluating the quality of our simulation tools ad the generated terrains,
we de ne the performance metric root mean squared (RMS) emo”. This metric
is expressed in Equation (22), wher&, is our truth data and Z, is the estimated

data generated as a result of the samples collected accoglin a selected navigation
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The one caveat to using RMS error is its sensitivity to outliedata typically found
as a result of measurement noise [26]. Although this is a vakabncern, our interest
is soley in the error of values at unvisited locations of ouilirsulated environments.
Additionally, the spatial interpolator and ltering process selected allows us to control
the presence of such outliers in our data set. Finally, in S\an 2.3.1, we discuss the
tradeo s between the cost of the sampling operation, itseland the cost of navigating
to a designated sampling location; the former is a sceneribat would require an
error model for each measurement made. In our DEM maker, hoveg, our focus is
on providing an accurate terrain model only. Quantifying eor in the form of RMS
error is a convenience, as it provides a single error estiratwhich is a function of
the value at each location in the sample space, but also repentative of the entire
area. This succinct value allows us to test a larger number dfgital elevation maps
(DEMSs) generated, and make sound observations about the &tyi of our DEM maker

to faithfully represent a heterogeneous spatial data set.
5.1.2 Mapping Accuracy Standards

One of the speci ¢ phenomena used to validate our simulaticiols is elevation. As
such, we evaluate the quality of our DEM maker, in part, by cosidering accepted
accuracy standards employed by professionals in the cartaghic and photogramme-
try elds. Although these standards are applied to maps of st&s much greater than
our in situ mapping tool, we refer to them for perspective. Té three most popular
standards are the National Map Accuracy Standard (NMAS), Ameriaa Society for
Photogrammetry and Remote Sensing (ASPRS) standard, and théational Stan-
dard for Spatial Data Accuracy (NSSDA). NMAS is currently consideed a legacy

metric since the technology available to produce high-rdstion maps was limited
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during its inception and larger mapping errors were more agptable. ASPRS and
NSSDA are more closely adhered to given the advancements iroptgraphic sensors
and stereoploters [57]. These two standards di er exclugly in their usefulness as a
guantitative reference to which mapping products can compa. ASPRS provides (in
actual units), scales of accuracy, whereas NSSDA provides ayof stating accuracy
in terms of the RMS error calculated. The two standards are taulated for maps with

di erent contour intervals (Table 1, adapted from [57,58])

Table 1: ASPRS and NSSDA map accuracy standards (vertical), = 1.96.

Horizontal Vertical NSSDA
Contour Interval [m] ASPRS-RMS error [m] (*RMS error) [m]
0.3048 (1 [ft]) 0.0508 0.0996
0.6096 (2 [ft]) 0.1016 0.1991
0.9144 (3 [ft]) 0.1524 0.2987

The statistical measure of accuracy for NSSDA is based, in paon a technical re-
port prepared by Greenwalt and Schultz [59]. It outlines thapplication of probability
theory to cartography and includes appendices for computynvertical and horizontal
accuracies in terms of their RMS error. The NSSDA adopts a spe&ccon dence
interval (95 percent) which designates, according to a tablof linear standard errors,
a multiplier, , to be applied to the RMS error calculated. Speci cally, dat reported
according to NSSDA states that a map will not have error at anyisgle location
in excess of 1.96*(RMS error) with a 95 percent con dence lelv This practice is
cited multiple times in the NSSDA literature [58]. In contras, the ASPRS standard
requires that RMS error values be calculated at well de nedgnts and any contour
map of the data must be produced with intervals in accordanceith the limits in

Table 1. The subjectivity of what constitutes well-de ned mints on a map must be
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resolved by all those invested in the mapping product.

While the NSSDA is useful for contractually bound projects kereen parties,
it serves only as a reference with respect to scienti ¢ studyFor our application,
responsibility defaults to the user for de ning acceptablaccuracy limits. Being that
our focus is on capturing detail throughout the sample spagrore so than providing
a reference map for public consumption, we will referenceehexpectations of the
ASPRS standard. For all our work, we evaluate the RMS error ralis presented in
our preliminary data in later sections based on Class 1 vertl accuracy,i:e:, the
accuracy reported in Table 1. Class 2 and Class 3 vertical acacy requirements
are determined by multiplying the horizontal contour inteval and associated vertical

ASPRS-RMS error values for Class 1 by a factor of two and threggspectively.
5.1.3 Creating Simulated Digital Elevation Maps

In simulation, we generate digital elevation maps (DEM) cagible of representing real-
istic terrain in both quantized and continuous formats (Sdon 3.1). In the continu-

ous space, these terrain examples are analogous to areasthle Arctic or places that
are rarely accessible for human exploration without more a&dnced data collection

methods such as airborne or satellite surveillance (Figus®).
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Figure 40: Simulated DEMs in both quantized and continuousy valued formats.
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With this DEM maker, we are able to vary the placement of smodat hills, jagged
craters, and other forms of spatial anomalies within an emyptspace, or generate
completely random, spatially complex terrains altogetherThe latter is easily accom-
plished with popular computer graphics techniques [60]. Thallows us to project the
types of detail existing within the pixel footprint of remotely sensed data (Section
2.1). In addition to purely synthetic DEMs, we can translaterealistic areas provided
in the form of 2D contour maps into viable DEMs for simulationpurposes. To ac-
complish this translation from 2D contour to 3D maps, we reqte access to reference
data in a usable format so that quantitative comparisons to EMs generated based
on information collected with our robotic survey system cabe made. This contour
information is available in a limited capacity in the form ofmaps provided by local
and state entities, as the 3D elevation data is proprietaryThe basic steps employed

by our 2D-to-3D mapping tool are outlined here and depictedisually in Figure 41.
1. Import a 2D contour image.

2. Associate the X;y) coordinates of the contour pixels with their appropriate

elevation value.

3. Interpolate between the contour values to estimatex(y) coordinates and gen-

erate a complete map.
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Figure 41: 2D-to-3D map generation.

The series of steps required to translate these topographi@ps to usable digital
elevation models includes image processing, assigningque elevations to identi ed
contours, and interpolation between those elevation valge Typically, image enhance-
ment techniques are needed to compensate for the low qualiy the contour maps
and the variations in contour line thickness that exist (Figire 42). A 2006 lidar survey
of select areas was conducted by the city of Atlanta's Depament of Watershed Man-
agement and provides the publically available contour dat&drom which we extract

speci ¢ areas of interest.
5.1.3.1 Contour line extraction and noise reduction

The rst step in converting 2D contour data into 3D terrain maps requires color nor-
malization. We rst convert the raw contour image of our seleted area to grayscale.

After considering di erent edge detection schemes [61{63hdividual contour lines
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Figure 42: Digital elevation model (DEM) conversion proces.

within the image are identi ed using the Canny edge detectimalgorithm. The Canny
edge detection algorithm incorporates Gaussian noise rexdion while also calculating
diagonal gradient information to better handle noise sertsiity and erroneous pixel
identi cation [64].

Although edge detection is a strong rst step towards extraéhg contours, some
contours within a typical 2D contour map are weighted i(e:, thicker) than others.
Typically, this is attributed to image quality or a deliberate attempt by the map
originator to signify di erent elevation values. Regardlss, following edge detection,
a map with uniformly-weighted contours is required. As a re$iy we accomplish
line thinning by repeatedly removing edges appearing at theutput of the Canny
algorithm and apply a threshold to assign edge-related pilsean intensity value of
white (255) or black (0). Connectivity analysis and blob Itering help to remove any
additional noise in the contour image upon completing the thning process. The

complete process is summarized in Algorithm 5.
5.1.3.2 From contour lines to elevation values

To automate the assignment of elevation values to identi edontour lines, a three-
phase approach is implemented. Following the line-thinngnof the Itered image, 1's
are assigned to pixels associated with each line contour aremaining pixels are as-

signed 0's. Next, our connected component labeling algonith(line 13, Algorithm 5)
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Algorithm 5  Contour identi cation and noise reduction

Require: input imageX; number of iterationsN (N  1); and threshold value (0 <
1)
X ( grayscaleK)
fori=1to N do
C ( Canny(X)

X( X C
5. if Xjx < Max(X)  then
Xix ( O
else
Xk (255
end if
10. X ( BlobRemoveK)
end for

Xiabeled ( LOgical(X)
Xiabeled ( ConnCompLabelAlgiX )

assigns a contour identi cation number to each uniquely giuped set of contour pix-
els. The identi cation step requires applying a pixel conraivity rule to di erentiate
between useful data pixels and noise from previous steps.n&lly, the identi cation
numbers are replaced with an analogous elevation height,ganized prior to contour

line assignment.
5.1.3.3 Data Interpolation

The remaining task in generating a three-dimensional teriarequires estimating the
unassigned locations in the map space based on the assignechtiions. For our
interpolation scheme, we chose Delauny triangulation, sia it does not require a
model, responds well to discontinuities, and consistentigenerated the lowest RMS
error values in preliminary testing [65]. When operating ircontinuous spaces with
low standard deviation, the Delaunay triangulation interplator provides a strong
combination of computational e ciency and reduced RMS errpin our experiments,
both with spatial data acquired from simulation and hardwae. To aid the linear

Delaunay triangulation, we provide data at the boundary oflie space for the purpose
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of smoothing the generated terrain.
5.1.4 Validation of the DEM Maker

We, now, brie y summarize the details of our selected imagerqcessing algorithms
used to convert a 2D contour map into a usable 3D DEM. We discaisiow a small
map segment is processed. Prior to comparison with any in itdata collected, we
input the partial map segment into our system to con rm prope operation of the
Canny edge detection algorithm. At the output of the Gaussianoise reduction, zero

crossings are calculated (Equation 23).

@ @ @
@3 © V= an an | (23)
G="05,+ G,
- Gy
= arctan G_x

Despite the speci ¢ features unique to our test segment, alying the Gaussian
Iter improves image quality signi cantly, removing pixelation and granularity, orig-
inally seen in Figure 43a. Following this, a single iteratio of the contour thinning
process, described earlier, at a speci c threshold yielda anproved contrast between
contour and non-contour pixels (Figure 43b). After multiplepasses of the thinning
process, we obtain a more preferred image improvement (Frgu43c). We show a
partial of the test segment after converting to a logical paern of 1's and 0's (Figure
43d).

At the second stage of the map generation, the Itered images iconverted to a
series of 1's and 0's to mark contour pixels and backgroundxpis, respectively. Our
connected component labeling algorithm, then, properly keels each contour with its

respective pre-assigned elevation value in preparationr fmterpolation. The third
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(a) Smaller test contour map segment. (b) Result of single pass thinning at 0.8
threshold.

b—'\oooo

D0 000 ol 2 Rlo o o0
O 0O O oo

HIO O O O O

[
Bl oo oo

o 0o o ok
0 0O 0O Ol B

Do oooalk o oo oo
0000 Ol M MO OO0 OO0
0 0O 00 Ol HIoO O OO OO0

00O 00 O Ol =
oo o ol

a

(c) Result of 4-pass thinning at 0.8 thresh{d) Labeled contour (left) after use of con-
old. nected component labeling algorithm.

0

stage (interpolation) was not necessary for such a small segnt of data, and was

applied to a more completei(e:, larger) map.
5.1.4.1 Benchmarking and Error Analysis

In con rming accuracy of the translation from 2D contour dat to a 3D DEM, we
compared our automatically-generated DEM with two 3D mapsgach generated from
the same 2D contour map (Figure 43) by a human manually extring contours
(considered an expert) and from data collected by a navigat robot. Acquiring
data by these two alternative methods and producing 3D DEMsnabled multiple
guantitative comparisons with our automated process. Theusveyor robot executed
a traditional parallel transect (or \lawnmower") pattern w hile collecting pitch and roll
information. This data was then translated into a 3D map for his analysis using the
same interpolation methods as were used at the output of th@mrnected component

labeling algorithm. A three-way comparison of data is prested at multiple lateral
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Figure 43: Complete contour map of test area.

Table 2: Error: Human expert-generated map vs. SECT-II map.

Resolution [m] Relative (%) Absolute [m] RMSE [m]

0.2 20.175 0.184 0.234
1 23.983 0.210 0.280
2 33.237 0.311 0.390

spatial resolutions (Tables 2-4, Figure 44).

Part of our motivation for providing the tabulated error andysis is to emphasize
the importance of obtaining high-resolution reference datpoints. Downscaling of
our processed data causes a decrease in vertical accuracy arless-reliable DEM.
The more immediate purpose of our error data, however, is taghlight the bene t
in automating the contour identi cation process. The constent accuracy of the
DEMs produced by our contour identi cation and thinning sysem should be noted
in contrast to that of DEMs generated by the human expert. WHe map contours can
be manually identi ed by hand, this is a time-consuming proess. Additionally, there

may exist subtle directional changes at the pixel level thatan remain undetected

Table 3: Error: Algorithm-generated map vs. SECT-II map.

Resolution [m] Relative (%) Absolute [m] RMSE [m]

0.2 20.256 0.185 0.234
1 24.012 0.210 0.279
2 33.234 0.310 0.388

71



Table 4: Error: Human expert-generated map vs. Algorithm-generated map.

Resolution [m] Relative (%) Absolute [m] RMSE [m]

0.2 0.380 4.023e-3 6.066e-3
1 0.379 4.054e-3 5.761e-3
2 0.382 4.084e-3 5.974e-3

Figure 44: 3D-generated maps at various resolutions; 0.2 [r{top-left), 1 [m] (top-right), 2
[m] (bottom-center)
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Table 5: Average RMS vertical accuracy of 20 map samples at tiee horizontal resolutions
of accuracy.

METHOD 1 [m] Res. 5[m]Res. 10 [m] Res.
Cubic 1.234e-2 1.108e-2 9.789e-3
Linear 5.670e-3 5.370e-3 4.835e-3
Nearest 4.401e-2 3.828e-2 4.046e-2

v4 4.780e-3 4.922e-3 5.116e-3

by the human eye, yet, not to our system that considers a pixély-pixel analysis.
Any di erences in error between these methods (while on the der of 10e-3 [m]),
are associated with border data assignment and the visuaiiitations of the human
expert. An area of improvement for our system includes redung residual noise from
the application of multiple algorithms (:e:, Canny edge and line thinning).

The DEM generated from data collected by our robotic agent sgees as a sec-
ondary baseline against which we compare our automated DEMmgeration method.
Again, our automated method shows strong agreement with thelot-based DEM,
speci cally, meeting ASPRS vertical accuracy standards (@ks 1-3 map accuracy) for
0.2 [m] and 1 [m] horizontal resolutions [57].

To quantitatively understand the impact of dierent interp olation options in
our DEM generation process, we collected and compared DEMtdabetween the
human expert and our algorithm for 20 dierent terrain exampes accessed from
the Atlanta Department of Watershed Management online map atabase [ttp:
/lgis.atlantaga.gov ). See Table 5. We notice a sensitivity to high-intensity clsr
ters of pixels. This sensitivity remains despite the inclugn of our Gaussian noise
reduction component. Regardless, the error between eachthoal is extremely small,
rendering the DEM generated by our automated method a strongpproximation of
the DEM from the human expert. The use of the Delaunay linearriangulation in-

terpolation along with the v4 (or minimum curvature) method are more favorable
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in DEM generation in contrast to cubic spline and nearest nghbor methods [66].
The terrains in our set of 20 are considered, by computer gtaigs literature, to be
Cyx continuous, wherek > 0 [67]. This condition makes for a bounded terrain gradi-
ent, yielding less errors from spatial discontinuity, andherefore less error with the
linear method. Whenk is increased, in uencing the degree of spatial change, itéx-
pected that Delaunay cubic spline interpolation would pedrm better than the other
methods (:e:, linear or v4).

When the impact of spatial resolution is considered, the Damlinay linear trian-
gulation interpolator yielded an average decrease in errof 835 [mm] (row 2, Table
5). Unfortunately, this decrease comes as a result of lowagitthe spatial resolution
(i-e:, increasing the distance between measurements by downsagl. In lieu of this
observation, we suggest additional testing to identify anyimits of spatial resolution
at which two DEMs ought to be quantitatively be compared. Pratically, contour
maps are inherently inaccurate, especially for large spags between contoursife:,
spacings representing several feet in the vertical plané€)he poor performance of the
nearest neighbor interpolator is intuitively attributed to the absence of a su cient
number of data points near unidenti ed locations, leavingdrge gaps in the estimated
spaces.

These simulated DEMs provide a ground truth to which we can agby our sampling
methodologies (Section 4.1) and use as a reference for cormgpwith the estimated

terrains resulting from those sampling strategies.

5.2 Validation of Contributions

When operating in large spaces, ideally, we would like to csider all possible combina-
tions of sample con gurations, as done in Section 3.2.1. Wibut su cient computing
resources, however, this exhaustive analysis becomes cotagonally intractable, es-

pecially for spaces wheréIN > 16 (Figure 12). Speci cally, we consider a series
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of spaces whose aredN , is greater than 500m?. First, we evaluate the perfor-
mance of the robotic navigation algorithms discussed in Cpter 4, contrasting the

performance of our estimation methodology with single- Bernoulli estimation,

evaluating our method's ability to estimate these larger sgres using each navigation
option as a sampling mechanism (Contribution 1). Second, weill show how one
of these navigation algorithms (lawnmower-informed) outgrforms the others tested.
(Contribution 2). Finally, we will evaluate the relative peformance between each
navigation option according to performancei:e:, reconstruction error, and resource,

i;e:, distance constraints (Contribution 3).
5.2.1 Informed Estimation Method: Contribution 1

We begin with the comparison between our informed estimatiomethodology and
that of single-trial Bernoulli (hearafter referred to as \traditional) estimation. Each
of the navigation algorithms discussed in Chapter 4 (lawnmeer-traditional, lawnmower-
random, and lawnmower-informed) are used as sampling schesmnproviding unique
sample con gurations, which each estimation method uses teconstruct the sampled
space. In Chapter 3, we determined that our informed estim@an method performed
best on terrains spaces with low spatial frequenciess,y < 25%). The theory behind
our informed method also showed the resulting expected errde nes a maximum
limit on actual error generated for any space. With these obsvations in mind, we
selected 100 unique terrain spaces, produced by our DEM malseftware (Section
5.1.3), where the average spatial frequency is equal to 1.&rpent. Each DEM, orig-
inally de ned in the continuous domain, is converted so thaevery location in the
space is de ned according to one of two classes froth (Section 3.1.1). Expected
percent error is calculated according to Equation (24) whel actual percent error is
calculated using Equation 25, comparing the original DEMdrom which samples are

collected, and the DEMs reconstructed from those samples.
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Percent Expected Error (%) = 100%) (24)

Actual
error O

Percent Actual Error (%) = 100( YIN

) (25)
5.2.1.1 Applied Metrics to Simulated Terrain Models

We de ne our sample spaces, as a 115 [m] x 115 [m] area with 1 [m] spatial resolution,
ice;, M =115 and N = 115. We randomized the locations of di erent undulating
features €:g; hills and valleys) within each terrain based on the diamondquare (DS)
algorithm used for generating fractal DEMs [60]. This is acenplished by changing
the seed value of the random number generator used by the D§@iithm to designate
the locations of local minimum and maximum values, and suromding values between
these extrema. Changing the seed value used in the DS alglonit ensures that no two
terrains are identical. Once each terrain is generated, welantize the value at each
sample location to produce a series of quantized DEMs. Nowstead of collecting
samples with information belonging to a continuous range otlues, we will consider
samples whose values are classi ed as belonging to one oftti@ classes inC (Section
3.1). Figure 45 shows one of the 100 simulated terrains gesiexd and quantized for
application of our sampling con gurations.

We select a range of coverages over which we evaluate the perfance of each
navigation algorithm. These coverages are de ned as a furan of the ratio between
the number of samples collected, and the number of total possible samples i,

MN =(115x115). For a speci c measure of percent coverage, eaagorithm collects

B samples.
8
B = 2 (M)(Number of swaths) if navigating west to east/east to west

z (N)(Number of swaths) if navigating south to north/north to south

(26)
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Figure 45: Example of a randomly generated DEM in continuousspace (left) and corre-
sponding DEM in quantized space (right) used for validation of navigation al-
gorithms.

As a quantity, B is a constant multiple of a speci ¢ number of swaths and eachvath

containsM or N samples, depending on the direction of navigatiomg:, west to east

or south to north (Table 6).

Table 6: Coverage ranges for 115 [m] x 115 [m] test area at mateesolution.

Number of Swaths Sample Quantity, B Coverage (%)

2 230 1.739
3 345 2.609
4 460 3.478
5 575 4.348
6 690 5.217
7 805 6.087
8 920 6.956
9 1035 7.826
10 1150 8.696
11 1265 9.565
12 1380 10.435
14 1610 12.174
16 1840 13.913
18 2070 15.652
22 2530 19.130
28 3220 24.348
37 4255 32.174
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Similar to the results from Chapter 3, we validate the perfanance of our informed
estimation methodology against the traditional estimatia method. Instead of aver-
aging the performance of alQg sampling con gurations for the test spaceS, instead,
we apply the con gurations generated by the navigation algahms discussed in the
previous chapter. For a designated number of reference siat(or coverage giverB
samples, per Table 6), lawnmower-traditional, lawnmowamandom, and lawnmower-
informed algorithms each generate a unique set of samplingnogurations. We use
the metrics of average expected error and average actual@tr rst introduced in
Section 3.2, to evaluate the performance trends that exisver a speci c range of cov-
erage. First, we consider the performance of our informedtiesation method using

samples collected according to the lawnmower-traditionalavigation strategy (Figure

46).
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Figure 46: Performance of informed estimation using lawnmwer-traditional navigation as
a sampling scheme as applied to simulated DEM data at ayg=1.5%.
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The error trends (expected and actual) in Figure 46 con rm tk theoretical perfor-
mance of our estimation method, demonstrated in Chapter 3 €8tion 3.2.2). Speci -
cally, the expected and actual error generated by our inforaal estimation outperforms
that of the traditional estimation method. Furthermore, the expected error calculated
by our method produces an upper bound on the actual error geaéed. By using
this expected error as an upper bound, a scientist is guaraeatd a speci c cap on the
actual error produced when using our informed method to regstruct information
in the space. Using our informed method to approximate an uppéound of actual
error is signi cant particularly when professional standeds relating to reconstructed
map accuracy must be used. Knowing an upper error bound is dogous to the
application of ASPRS standards for contour map accuracy.

Additionally, there exists a nonlinear trend in both the expeted and actual error
of the informed method. The \knee" in this data allows us to ientify the amount
of coverage at which the rate of improvement over traditiodastimation is greatest.
This is important when considering what coverage amount, vem combined with our
estimation method, will generate the greatest performancee:, lowest expected error,
relative to the traditional estimation method. In Chapter 3 we approximated this
coverage value as 30-40 percent of the number of sampleSi(Section 3.2.2). Here,
based on a much larger space, we identify a lower coveragegarmf 5-10 percent.

We repeat analysis for the expected and actual error geneedtfrom our informed
estimation based on samples collected according to lawnnewandom navigation
(Figure 47)

Again, as with the trends for lawnmower-traditional, we obswe in Figure 47 the
capability of our informed estimation method to accomplisitwo tasks. The rst task
is successfully generating actual error that falls below ¢hactual error produced by
traditional estimation. The second task is producing an egxtation of error that

approximates an upper bound for actual error when the spatifrequency of the test
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Figure 47: Performance of informed estimation using lawnmaer-random navigation as a
sampling scheme as applied to simulated DEM data at ayg=1.5%.

area, avg, IS equal to 1.5 percent. We also notice the range of coveragehere

the rate of improved error for the informed method over tradional estimation is

greatest, as 5-10 percent. We consider one more series ofgrarance trends based
on the samples collected according to lawnmower-informedvigation (Figure 48).

The observations made for the trends in Figure 48 mirror thesmentioned already
for Figures 46 and 47.

Figures 46-48 illustrate the ability of our informed estimaon method to approxi-
mate a set of dual-class DEMs with actual error lower than thexpected value. This
nding is speci cally accurate for terrain examples whosepatial frequency, ayg, iS
less than 25 percent. In the Appendix, we discuss the impactggatial frequency iden-
ti ed in our validation, con rming original theoretical ob servations made in Chapter

3 (Appendix B).
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Figure 48: Performance of informed estimation using lawnmwer-informed navigation as a
sampling scheme as applied to simulated DEM data at ayg=1.5%.

5.2.2 Constraint Comparison of Informed Navigation Algori thm: Con-
tributions 2 and 3

We discuss the relative performance between navigation atghms. Given that 100
DEMs were included for each spatial frequency, this condith produces 100 unique
con gurations, each with a measure of performance and reged resourcesj:e:, ac-
tual error and distance (Section 3.4.1), respectively. Nowyith our restriction on
spatial frequency, we contrast the unique sample con gur&ins generated by each
of the navigation algorithms tested. We selected lawnmowsrraditional (i:e:, raster
scanning) as a baseline for its \uninformed" trait as a navigtion strategy, since it
does not require any input beyond area boundary informatiofor it to be applied to a
search space. The other similar navigation pattern seled@s a baseline for compar-
ison is termed lawnmower-random. Lawnmower-random prowd a similar structure
as lawnmower-traditional, but designates sampling locaths as waypoints that are

randomly distributed but centered around each reference ati applied. This is most
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closely related to the simple random sampling method (Sectis 2.1 and 2.4).

We presented our measure of a sampling con guration's reqed resources in

(Chapter 3). Here, we compare between di erent sample

terms of a raw value,D \j
con gurations' resources as a percentage. This percentagespeci cally calculated as

the ratio of D)y to a nearest neighbor upper limit distanceDgy . The value, Dgyy ,

is a function of the swath width between reference swaths wseuring navigation

(Equation 27).
(27)

DN = 2+ (Swath Bandwidth) 2

DN
Resources (%) = 100W)
BW

using this swath width sinceD}\y represents the farthest

(28)

We normalize D}
nearest-neighbor distance possible between two individisamples wherB total sam-

ples are collected (Figure 49). The reader may also refer tagbres 29, 30, and 39

for a visual depiction of how these swath widths change witlmeéreasing coverage.

I AN ~
& b
| /J\ | | |
I <.
[}
———— ' —_————
v
]
Swath | Swath Reference
Bandwidth N
L : o
’
. Upper limit on nearest
: neighbor distance

e

[

Figure 49: Changing maximum nearest neighbor distanceD,’\\‘,l’;l‘X , used to calculate the av-
erage resources incurred by a speci ¢ navigation trajectoy.
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We highlight the performance of our estimation-based lawnoaver-informed navi-
gation scheme to demonstrate its ability to achieve desir&bperformance (low recon-
struction error) while conservatively using resources (mimal distance traversed) to
accomplish the sampling task. Moreover, this navigation Beme accomplishes these
goals by using our informed estimation methodology as itspat for sample selection
decisions. For these tests contrasting performance and oesces, we hold the spatial
frequency of the terrains tested constant at 1.5 percent, esidering multiple cover-
ages. Each data point within each cluster of Figure 50 repess a unique sampling
con guration obtained by a speci ¢ navigation algorithm. We make the comparison
between each navigation algorithm relative to our two metas of actual performance

and resources on the y and x axes, respectively (Figures 51).
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For each measure of coverage, the distribution of actual ers for the lawnmower-
informed navigation is positioned lower along the y-axis #n those for lawnmower-
traditional and lawnmower-random, showing an improvemenin actual error across
the 100 terrains tested. Additionally, for coverages lessdh 15 percent, our proposed
lawnmower-informed navigation method outperforms lawnmeer-random in terms of
average nearest neighbor distance required to travel be®vesamples, indicating an
improvement in resource usage. A more quantitative companon can be made using

the data presented in Table 9.
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We also present similar plots of performance (expected ery@and resources along

the y and x axes, respectively (Figure 50).
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We present the results of expected performance versus resas to con rm the
usefulness of our informed estimation method and its abitto generate expected
error that acts as an upper limit to the actual error generaté. From the plot in
Figure 51, the scale along the y axis includes values much ager than that found in
Figure 50, consistent with our earlier observations, as ginally discussed in Section
5.2.

For these comparisons between navigation schemes, as cagerincreases, we ob

serve a decrease in the resources required by lawnmowerd@mn versus that required
by lawnmower-informed. This decrease in average nearestghdor distance is at-
tributed to both the decreasing bandwidth between refereecswaths and the variety
of sample selection that occurs as coverage, and subseqlyesiwaths, increases (Fig-
ures 52-53).

As the swath bandwidth is decreased, due to an increase in sdimg/coverage, the
navigating agent experiences a spatial restriction in theumber of candidate samples
that may be collected along each swath. As a result, lawnmowsndom naviga-
tion will select more samples of a closer distancee:, , more frequently than will
lawnmower-informed. This selection of closer samples lowehe overall amount of
resources incurred by lawnmower-random for high coveragdsawnmower-informed,
however, is designed to select subsequent samples that jpdevthe best combination
of reduced estimation con dence (ayg) and reduced proximity to the agent's current
location. While proximity is an important criteria in the sample selection, it is sec-
ondary to the criteria of reduced estimation con dence, thefore, its trajectory will
seldom select samples immediately adjacente:, positions located less thanp(i)
away from the agent's current position. The behavior of thesnavigation algorithms
is described in greater detail in Chapter 4.

Under the conditions tested in Figure 50, it is observed thaalvnmower-random,
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(a) Lawnmower-random trajectory.

o Lawnmower-informed trajectory L
| | | |

el g

Swath Ja ‘\,;:\ Swath Refdrence
Bandwidth  «7 T\,

S
SL—— ) G ————
4 Average Nearest Neighbor N ‘(\\

Distance = (2 |4 . N

(b) Lawnmower-informed trajectory.

Figure 52: Comparison of average nearest neighbor distanseincurred by lawnmower-
random and lawnmower-informed navigation algorithms for low coverage,i:e:,
large swath bandwidth.

on average, generates actual and expected error lower thdrat of the other two nav-

igation options. Meanwhile, lawnmower-random also requ@s the greatest amount of

resources for coverages less than 15 percent. In contraste tawnmower-informed
navigation produces con gurations that provide the best ambination of lowest error

(expected or actual) and minimal resource usage. The diditition of error associated

with lawnmower-traditional navigation is greater than tha of lawnmower-informed

but with signi cantly lower resources. It is for this reasonthat we recommend appli-

cation of Equation (21). A scientist can de ne their own degin-speci ¢ constraints
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(a) Lawnmower-random trajectory.
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(b) Lawnmower-informed trajectory.

Figure 53: Comparison of average nearest neighbor distanseincurred by lawnmower-
random and lawnmower-informed navigation algorithms for high coverage,i:e:,
small swath bandwidth.

( p, R, errorya and DN ) to determine, for example, whether the cost of apply-
ing lawnmower-traditional navigation with their robotic survey system outweighs the
bene t of improving performance by applying lawnmower-irdrmed navigation. The

data presented in Figures 50 and 51 embodies this added vabfeanalysis. We make
note that, for all three sets of con gurations, when increasg coverage, there exists a
corresponding decreasing in error and increase in requinasource percentage. This

is seen in both Figures 50 and 51.

5.2.2.1 Performance of Informed Navigation on Simulated D¥s for Continuous
Spaces

Our last validation includes applying the trajectories of ach navigation method, as
acquired from navigation within a quantized space, to a setf @ontinuously-valued
DEMSs, as produced by our DEM maker (Figures 29, 30, and 39). Wh we apply
the sampling locations for these navigation schemes to a tieaonous space, then esti-
mate the continuous values at these locations using a populdD interpolator (i:e:,

guadratic interpolation) to reconstruct a 3D map, we are al@l to generate a measure
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of RMS error for each sampling con guration. Using the ASPRS ahdards outlined
(Section 5.1.2), we gain valuable insight into how the samipb con gurations gener-
ated by our lawnmower-informed navigation, although a furimon of quantized data,

perform in a continuous space (Figure 54).
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We notice from the RMS error produced that for coverages betsn 2 and 7 per-
cent, the lawnmower-informed navigation generates recdnsction error that is im-
proved over that of lawnmower-traditional. Additionally, using lawnmower-informed
as a sampling strategy will produce DEMs that meet ASPRS Clads 2 and 3 map
accuracy standards for coverages greater than 4, 3, and 2 gt coverage, respec-
tively. Lawnmower-traditional and lawnmower-random alsgyenerate reconstruction
errors that meet these ASPRS mapping standards, but we seeorit Figure 54, the
potential of using the information sampled in situ to drive he navigation decisions.
We discuss the observation more as a part of our recommendetufe work (Section

6.2).

5.3 Supplemental Validation and Observations
5.3.1 Applied Metrics to Realistic Terrain Models

Simulated terrains are helpful proof-of-concept tools faesting and evaluation, yet
more realistic terrain models are necessary to ensure thensstent performance of
our informed estimation methodology and associated sammiyj techniques. A set
of 20 DEMs were extracted from publically available contoumap data to continue
testing the e ectiveness of these algorithms [68]. An examgDEM and its quantized
counterpart DEM, shown in Figure 55, re ect characterisitcs found in most of the
DEMs in this test set.

Unlike the simulated terrain DEMs from Section 5.2.1.1, theize of the rst set of
terrains identi ed for extraction was, on average, represgative of a 20 [m] x 10 [m]
area with centimeter resolution (e:, < 0.1 [m]). As a consequence of this increase
in resolution, there exists signi cantly more sample locadns within the search space.
The range of coverages is displayed in Table 8.

An additional set of 10 terrain maps, representing soil moigte data as col-

lected by the Moderate Resolution Imaging Spectroradiomet (MODIS) instrument
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Figure 55: Example of a DEM extracted from 2D contour image daa of a real terrain
sample (left) and its quantized version (right).

Table 8: Coverage ranges for 20 [m] x 10 [m] test area at centiater resolution.

Number of Swaths Sample Quantity, B Coverage (%)

1 485 0.658
2 970 1.316
3 1455 1.974
4 1940 2.632
5 2425 3.289
6 2910 3.947
7 3395 4.605
8 3880 5.263
9 4365 5.921
10 4850 6.579
11 5335 7.237
12 5820 7.895
13 6305 8.553
14 6790 9.211
16 7760 10.526
18 8730 11.842
21 10185 13.816
24 11640 15.789
29 14065 19.079
37 17945 24.342

(aboard Terra and Aqua satellites), was retrieved from an oimle database [ttp:

95



/Imodis.gsfc.nasa.gov/data/dataprod/ ). This data was obtained to conduct fur-
ther testing of our estimation method and the relative perfonance of our naviga-
tion strategies, but for quantized data with a greater averge spatial frequency (ap-
proximately 5 percent), since that of the translated contoumap data is very small
( avg=0.25%). We also include this MODIS data to demonstrate thabur work can
be applied regardless of the nature of the environmental pm@mena sampled and
estimated across an area&:g; elevation, soil moisture, or even radiation. This second
set of data is more analogous, in size and resolution, to thansllated DEMs from
Section 5.2.1.1, each representing a 115 [m] x 115 [m] areghwneter resolution.
As a result, we refer the reader to Table 6 for a range of refeenswaths and their
associated coverages.

Just as shown in Section 5.2.1.1, we applied sampling conmgtions generated
by the di erent navigation algorithms from Chapter 4 to this new set of data maps.
We evaluated the performance of our estimation method in ctvast to traditional
estimation according to established metrics;e:, average percent error (expected and
actual). First, we tested the impact of sampling con guratons, generated from the
lawnmower-traditional navigation scheme, on these two setof data, each set ex-
hibiting an average spatial frequency equal to 0.25 perceand 5 percent (Figures
56-57).

We can con rm, based on Figures 56 and 57, the similarities performance trends
of expected and actual error tested on realistic data to thesseen for simulated ter-
rains with low spatial frequency,i:e:, 1.5 percent. First, our informed estimation
method calculates expected error that exceeds its actuaker and serves as an upper
boundary for all coverages tested. Second, the actual ergenerated by the informed
estimation method outperforms the actual error resultingrbm reconstructing a space

with the traditional estimation. For data sets with both a spatial frequency of 0.25
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Figure 56: Performance of lawnmower-traditional navigation as a sampling strategy applied
to DEMs extracted from contour map data at  ayg=0.25%.
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Figure 57: Performance of lawnmower-traditional navigation as a sampling strategy applied
to DEMs extracted from MODIS map data at  ayg=5%.

and 5 percent, the actual error of the informed method outp&rms traditional esti-

mation by more than 30 percent. We also make mention of the aaage amount at

which the maximum improvement of the informed method over aditional estimation

takes place. Speci cally, for data sets with .4 = 0:25%, because of the centimeter

resolution of the space, there exist nearly ve times as marsamples in the space,

S, than in our simulated set of DEMs. Therefore, we identify alight reduction in
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the coverage range at which the informed estimation methodaxrimizes its improve-
ment over traditional estimation as approximately 3-5% (Fgure 56). This range is
in contrast to that observed in Section 5.2.1.1 (approximaly 5-10%). Since, for our
data set extracted from MODIS data, the size and spatial rekdion of all 10 terrain
examples is the same as that of our simulated DEMs, the covgerange associated
with maximum improvement of informed estimation over tradional is also approx-
imately 5-10% (Figure 57). Both of these coverage ranges aeserved by locating
the \knee" of the exponential trend in expected and actual eor for the informed
method.

These results are also generated for sampling con gurat®produced by lawnmower-
random navigation (Figures 58-59).

Lawnmower-random, &, =0.25%
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Figure 58: Performance of lawnmower-random navigation as aampling strategy applied to
DEMs extracted from contour map data at ayg=0.25%.

We notice, for data maps of both spatial frequencies (0.25 @5 percent), a closer

approximation of actual error by the expected error trend irFigures 58 and 59. This
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Figure 59: Performance of lawnmower-random navigation as aampling strategy applied to
DEMs extracted from MODIS map data at  ayg=5%.

observation is attributed to the sampling con gurations geerated by lawnmower-
random and con rms that both the estimation method and the sptial relevance of
selected samples contribute to the overall performance mies. This observation is in
addition to the improvement of our informed estimation metld over traditional esti-
mation and the application of the expected error trend as anpper bound guarentee
on actual error produced by our method.

We conclude discussion on this set of data by including the fermance of sam-
pling con gurations inspired by lawnmower-informed navigtion (Figures 60-61).

The performance trends in Figures 60 and 61 more closely medde those of
lawnmower-random sampling. The similarity is with respecto the smaller gap be-
tween expected and actual error trends generated by our imfoed estimation method.
This similarity is to be expected when comparing the improwk spatial distribution

of these two navigation schemes' trajectories (Figures 30&39), i:e:, there is strong
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Figure 60: Performance of lawnmower-informed navigation a a sampling strategy applied
to DEMs extracted from contour map data at  ayg=0.25%.
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Figure 61: Performance of lawnmower-informed navigation a a sampling strategy applied
to DEMs extracted from MODIS map data at  ayg=5%.

agreement in the spatial diversity of samples collected awding to both lawnmower-

random and lawnmower-informed navigation. Our informed nteod continues to
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generate an expected error trend usable as an upper bound atual error, but with
less exibility for actual error to vary, i:e:, a smaller gap between the two trends. For
all three sets of navigation-inspired sampling con guratins, trends of actual error
fall below 5 percent using our informed method on DEMs with gpsitial frequency of
0.25 percent at coverages of less than 2 percent. This is imtast to the required
minimal coverage of 6 percent or more to generate actual erroends less than 5

percent for simulated DEMs at a spatial frequency of 1.5 peznt (Figures 46-48).
5.3.1.1 Comparison between navigation algorithms: Conaint analysis

Next, we present a visualization of how con gurations assated with each of our
navigation algorithms are distributed according to the twanetrics of performance and
resource usage. Although this relative comparison of whictavigation option is the
\best" is a function of user-de ned constraints (Section 31), we make observations
that facilitate a qualitative comparison. For a range of cosrages, we present the
average performance of each of our navigation algorithmssad as sampling schemes,
as a function of their required resources for our set of 20 DEMwith an average

spatial frequency of 0.25 percent (Figure 62).
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Just as observed when comparing these sampling schemes iadpto simulated
data, lawnmower-informed navigation produces lower errthan lawnmower-traditional
while requiring less resources than lawnmower-random. Wekaowledge the overlap
in standard deviation between each algorithm for di erent overages, yet, if more
data maps are acquired, we project that the distribution wilbe similar to that of
Figure 50. The data supporting the visual comparison betweeaavigation algorithms

is provided in Table 9.
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Comparison between these algorithms was repeated for thedatnal set of 10

data maps, representing soil moisture, extracted from MO data (Figure 63).
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Again, for all coverages presented, the lawnmower-informeakethod yields an av-
erage expected error lower than lawnmower-traditional, wie requiring less resources
than lawnmower-random. Since a qualitative representatiolacks speci ¢ numerical
detail, Table 10 displays, for select coverages, the quaative di erences between

each method with respect to performance (error) and reso@s (distance).
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The data re ects a dominant preference towards the use of lamower-informed
navigation over lawnmower-traditional and lawnmower-radom. This preference is
based on its average performance of low expected error and/ laverage resources
relative to the other navigation options. This observationis consistently made for
coverages less than 15 percent for the DEMs tested with avgeaspatial frequencies
equal to 0.25 percent and coverages less than 10 percent foe data maps tested
whose average spatial frequencies are equal to 5 percentill,Sdepending on the
user's requirements for maximum expected erroefror yox ) and maximum resources
(DY), lawnmower-traditional could be considered the prefercenavigation option,

especially if the resource weighting factor, g, is much greater than the performance

weighting factor, p (Section 3.4).

5.3.1.2 Performance of Informed Navigation on Realistic DEs for Continuous
Spaces

As was presented in Section 5.2.2.1, we include the applicatithe trajectories of
each navigation method, recorded from navigation in a quaed space, to our set
of 20 DEMs (in their original continuous domain). After extrating these locations,
applying our quadratic interpolation method, and calculaing the error between the
resulting reconstructed DEMs and the ground truth, we recar the corresponding

RMS error for each sampling con guration (Figure 64).
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For this analysis, at all coverages, regardless of the naatgn algorithm chosen
to select sampling con gurations, the resulting RMS error mets the highest ASPRS
mapping standard (Class 1 map accuracy). A similar range okgformance improve-
ment by lawnmower-informed over lawnmower-traditional e@sts (between 0 and 5
percent) as was shown for simulated DEMs (Figure 54), howeye scientist need
only consider that improvement if ner error requirements eed to be met. This im-
provement of lawnmower-informed over lawnmower-traditimal, again, validates the
bene t of leveraging sampled data during navigation to infon subsequent sampling
decisions within the sample space. Since ASPRS map standaagls not valid for soil
moisture data, we will not repeat this validation for the setof MODIS data.

We conclude this chapter by applying our estimation methodogy and lawnmower-
based navigation sampling schemes to a terrain modeled witlata collected during

a robotic survey of a real space.
5.3.2 Applied Metrics to Real Environments

As a nal analysis, we applied sampling con gurations genetad by our three lawnmower-
based navigation algorithms on a terrain modeled from dataotiected in the phys-
ical world. Using a wheeled robotic platform capable of travsing variable ter-
rain, we mounted equipment to perform the necessary data tmition within our
test environment. The SECT-II platform, commercially avaiable from Bluebotics
(www.bluebotics.com), was employed to perform a topographical survey. Designed
primarily for dry terrain, this six-wheeled system suppoid navigation over a variety

of spatially complex surfaces ranging from slowly varyingills to jagged, rocky sur-
faces,i:e:, multiple spatial frequencies. We out tted the SECT-Il with a low-cost
dual-axis micro-electrical mechanical systems (MEMS) aglerometer from Analog

Devices (ADXL322) capable of measuring at angular resolutisrof 8.31 [mV/degree]
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and 8.38 [mV/degree] along its x and y axes, respectively. Wisa included a commer-
cially available microprocessor to the SECT-II. The Conned400XM from Gumstix
(www.gumstix.con) includes a 400MHz ARM processor, wireless 802.11g ethernet,
and bluetooth capabilities. We interfaced a Robostix boardalso from Gumstix, with
the Connex processor, which included an Atmel ATMega 128 RTSmicrocontroller.
The Robostix provided an analog-to-digital converter (ADC)unit that simpli ed the
conversion of continuous analog voltage output from the aglerometer into relevant

tilt measurements (Figures 65a-65d). The SECT-II passivelcollected tilt informa-

(a) SECT-II robotic platform from Blue- (b) Top view of SECT-II equipped with

botics Inc. sensing equipment.
(c) ADXL accelerometer from Analog De- (d) Gumstix/Robostix P.
vices Inc.

Figure 65: Hardware components used for the robotic surveyystem.

tion while navigating repeatedly across a 20 [m] x 40 [m] tesy area in a local park
in Atlanta, GA (Figure 66).

Just as the range of coverages varied with size and resolutiftor simulated and
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(a) Perspective 1. (b) Perspective 2.

Figure 66: Test site for hardware demonstration of the roboic survey system.

realistic data sets, as discussed in Sections 5.2.1.1 an8.5. respectively, this range

changed again for our test site and is displayed in Table 11.
Using the continuous pitch and roll values from our robotic swey, we are able to
extract a continuous and quantized terrain model on which wean test our naviga-

tion schemes, lawnmower-traditional, lawnmower-randonand lawnmower-informed

(Figure 67).

Figure 67: Example of a DEM extracted from robotic survey comucted in the physical
world (left) and its quantized version (right).

We look at the performance of each navigation algorithm as ariction of multiple
con gurations at di erent coverage values when applied tohis single DEM. In the

nal test of the e ectiveness of our informed estimation meétodology, we apply the
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Table 11: Coverage ranges for 20 [m] x 40 [m] test area at centieter resolution.

Number of Swaths Sample Quantity, B Coverage (%)

1 100 0.498
2 200 0.969
3 300 1.434
4 400 1.990
5 500 2.488
6 600 2.985
7 700 3.483
8 800 3.980
9 900 4.478
10 1000 4.975
11 1100 5.473
12 1200 5.970
13 1300 6.468
14 1400 6.965
15 1500 7.463
16 1600 7.960
18 1800 8.955
19 1900 9.453
22 2200 10.945
24 2400 11.940
28 2800 13.930
33 3300 16.418
39 3900 19.403
49 4900 24.378

lawnmower-traditional navigation policy as a sampling sa@me (Figure 68).

For a single terrain example, the performance trends of thetal error generated
by our informed estimation method outperform that of tradiional estimation by more
than 40 percent across a majority of the coverage range tegteapproximately 1-20
percent. As seen throughout this chapter, because of the lopatial frequency of the
DEM tested ( avg=1%), there exists a large gap between the expected and actua
error generated by our informed estimation method. Again, ik allows us to label
the expected error as an upper limit on actual error achievedith our methodology

for environments with these low spatial frequencies f,4  1:5%). We repeat this
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Figure 68: Performance of the lawnmower-traditional navigation strategy across multiple
coverages as applied to a DEM extracted from a robotic surveyf a real terrain
where avg=1%.

test for lawnmower-random navigation (Figure 69).

Figure 69: Performance of the lawnmower-random navigatiorstrategy across multiple cov-
erages as applied to a DEM extracted from a robotic survey of aeal terrain
where avg=1%.
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For coverages greater than 8 percent, the gap between expeterror and actual
error narrows signi cantly (Figure 69). We attribute this primarily to the improved
spatial diversity generated from sampling by lawnmower-ralom navigation, better
enabling our estimation method to more accurately projecthie classi cation of un-
sampled locations.

We conclude the veri cation of our informed estimation metbd across a range of
coverages, displaying the performance trends associateithvéamples generated from

the lawnmower-informed navigation strategy (Figure 70).

Figure 70: Performance of the lawnmower-informed navigatin strategy across multiple cov-
erages as applied to a DEM extracted from a robotic survey of aeal terrain
where ayg=1%.

Just as seen with the results of lawnmower-random, the gap tseen expected
and actual error closes as coverage increases (Figure 70hisTgap represents ap-
proximately a 5 percent di erence whereas the gap generatég lawnmower-random
represents at least an 8 percent di erence for coverages aper than 11 percent.

For all three performance plots (Figures 68, 69, and 70), trexpected and actual

error trends of the traditional estimation gradually decrase as coverage increases, but
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not noticeably as much as for our informed estimation methodAdditional commen-
tary on this di erence between the two estimation methods isncluded in Appendix
A, where performance is represented as a function, not of cosMge, but of percentage

con guration estimation con dence, ayg.
5.3.2.1 Comparison between navigation algorithms: Conaint analysis

We contrast the performance of each navigation algorithm asfunction of its required

resources as applied to our real terrain example in the quareéd domain (Figure 71).
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For this set of results, only a single terrain was availableof testing. Yet, in
assessing the performance of these sampling schemes, laswen-informed naviga-
tion outperforms the lawnmower-traditional and lawnmowerandom methods with
respect to actual error and distance, respectively. Datarféhe navigation algorithms

as applied to the single terrain is shown in Table 12.

Table 12: Relevant performance and resource data for naviden strategies lawnmower-
traditional, lawnmower-random, and lawnmower-informed navigation for speci c
coverages presented in Figure 71.

Coverage Error Resources
(%) (%) (%)

Lawnmower-traditional 5.841 2.563
Lawnmower-random 2.438 4,786 8.721
Lawnmower-informed 3.134 4.477
Lawnmower-traditional 3.109 4,541
Lawnmower-random 4.388 2.866 11.752
Lawnmower-informed 1.612 7.609
Lawnmower-traditional 2.328 7.670
Lawnmower-random 7.313 1.746 15.328
Lawnmower-informed 1.035 12.341
Lawnmower-traditional 1.756 12.403
Lawnmower-random 11.701 0.871 20.268
Lawnmower-informed 0.786 18.263
Lawnmower-traditional 1.756 16.440
Lawnmower-random 16.090 0.766 23.529
Lawnmower-informed 0.453 22.540
Lawnmower-traditional 1.224 24.254
Lawnmower-random 23.891 0.756 28.704
Lawnmower-informed 0.353 29.961

As an example application of how to identify the navigation ofion of choice, we
rst switch perspectives from the quantized to continuous dmain. As was presented
in Sections (5.2.2.1 and 5.3.1.2), we will apply the trajecties originally generated by
lawnmower-traditional, lawnmower-random, and lawnmoweinformed from a quan-
tized terrain and apply them to the continuous terrain map, ecording continuous val-

ues at each X;y) sample location of each con guration. After applying quadatic 3D
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interpolation to the sample con gurations associated witheach navigation method,
we can calculate a measure of RMS error for each method and aseASPRS map-
ping standard (Section 5.1.2) as our performance constrainWe use ASPRS map
accuracy standards in lieu of de ning an arbitrary value forerror .« (Section 3.4).
For our 20 [m] x 40 [m] space, at a between-sample resolution,of 0.2 [m], we
assume the sampling operation allows for 2400 samples (ord&cent coverage) to
be collected during navigation. Given the speci cations afur SECT-II platform, we
de ne its ideal operating velocity as 0.5 [m/s]. We de ne a spci c amount of battery
time (25 minutes) and convert to the equivalent amount of resirces necessary for

achieving 12 percent coverage at 0.5 [m/s], de ned &)Y, (Equation 31).

(Velocity [m/s])(Battery Time [s])

D = (Number of Samples) (m] (29)
_ (0:5)((25)(60))
= (aon) M (30)
= 0:3125 n] (31)

We determine the analogous swath bandwidth required for 2@Gamples,DE ,
as approximately 1.6 [m], which provides our resource corant of 19.53 percent

using Equation (31). We summarize these two constraints wsV (Table 13). Next,

Table 13: User-de ned performance and resource constraistbased on ASPRS Class 1 map

accuracy standard andD N , respectively.

User-de ned Constraint De nition Value
1. Performance ASPRS Class 1 Accuracy 15.24 [cm]
2. Resources 1000, =D8W ) 19.53%

we identify where each navigation algorithm succeeds or l&in meeting these user

constraints (Figure 72).
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In the event that a quantitative ranking is required, we can dfer to Equation
(21) and use the value calculated for, should more algorithms need to be compared
against one another.

Continuing along the same lines of evaluating these navigamh strategies in the
continuous domain, we present the performance of each segy for a range of cov-

erages (Figure 73).
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Consistent with the RMS error presented at a single coverage Figure 72, across
a larger range of coverages, the lawnmower-informed nawiga, used as a sampling
strategy, generates reconstruction error less than that ¢dwnmower-traditional. Re-
gardless, for all coverages considered, each navigatioti@pis capable of producing
sampling con gurations that result in reconstruction erre meeting ASPRS Class 1

map accuracy standards.
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CHAPTER VI

CONCLUSION

6.1 Concluding Remarks

Our research addresses issues related to improving Earthserving systems through
robotics for the purpose of providing better geodetic infonation. By considering the
intersecting areas of spatial sampling and estimation, weate integrated considera-
tions relevant to a robotic survey system. Speci cally, ouwork provides an Earth
scientist with the following contributions: 1) An improved nethod for estimating
spatially distributed phenomena, 2) the theory and applid@gon of a navigation algo-
rithm as a useful sampling strategy (informed by the estima&n method) that shows
improvement over other baseline navigation strategies us&o collect samples, and 3)
a method for comparing these di erent navigation algorithrs based on their resulting
performance (ie:, their ability to generate sampling con gurations that produce low
reconstruction error) and required resources.

These contributions are increasingly relevant to garnernna better understanding
of geo-physical changes taking place within di erent envdnments. Our work is es-
pecially applicable to environments whose information isharacterized as belonging
to one of two classesij.e:, a quantized space, but can also be applied to contin-
uous spaces. By leveraging the bene ts a orded by this reseh in environmental
robotics, advances in areas of sampling and estimation caakée place more readily for
future applications. Equipped with relevant robotic platbrms, capable of sampling
the area of interest, scientists will still need to quantifythe bene t of di erent sam-
pling schemes executed by these robotic systems. This reshaenables the process

of quantifying which sampling con gurations to consider ad why based on realistic
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constraints.

6.2 Recommendations for Future Work

Throughout our work, we presume to have perfect knowledgerfour experiments.
This perfect knowledge includes accurate readings from ttsensor used to collect
measurements at each of th& locations in S. We also condition our work on the
perfect knowledge of the mobile agent's global position 8, and accurately arrive at
the correct location of each subsequent sampling locatiomrihg navigation. Using
this perfect knowledge that we have set forth is still a valihpproach in theory and
in simulation, yet, inaccurate (or noisy) sensor readinggnd error-prone positioning
systems, must be accounted for during implementation of a lé-ready robotic survey
system. Considering these types of real errors is true bothurghg intelligent navi-
gation and o ine estimation. We learn from Moghaddamet al. of the challenge in
properly modeling noisy measurements of speci ¢ sensorgiahe resulting impact on
the accuracy of readings taken during a eld experiment [69Based on the reality of
faulty sensors, their characterization should be consid=t during the sampling and
estimation process. Williamset al. discuss the value of accurate localization meth-
ods for a mobile sensor platform, especially when navigaginn terrains with harsh
weather conditions [15]. Any deployable robotic survey syain should incorporate
position information as feedback to the agent throughout th sampling task to ensure
that the measurements taken are properly assigned to a cartéx;y) location within
the pixel footprint. Pursuant to the issues of sensor and latization error, based
upon the theory in Chapters 3 and 4 and the results presented Chapter 5, there
are several improvements that will serve to greatly expandaeh of the contributions
in this work.

With respect to the rst contribution, we propose additiond work for the informed

estimation method described. In Sections 5.2.1.1-5.3.2e won rmed a signi cant
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improvement in actual error when estimating a space using oinformed estimation
method versus that of traditional, single-trial Bernoulli estimation (between 30-40
percent for a speci c range of coverage). An improvement to iinformed estimation
method, however, includes reducing the di erence betweehd expected and actual
error generated for very low spatial frequencies. We stat@) Chapter 5, that for
terrain models of low spatial frequency (ag 1:5%), the expected error generated
by our informed method serves as an upper limit on actual emoAt higher spatial
frequencies (avg = 25%), we actually see a closer approximation of actual emby the
expected error curve (Appendix B). The robustness of our medld will be signi cantly
improved if the approximation of actual error by expected eor was consistent for a
terrain model of any spatial frequency. Next steps require @orporating the value of

Avg INnto the estimation theory (Chapter 3). It is believed that @mpleting this step
will improve the estimation method's ability to accurately estimate actual error.

The second recommended improvement to our work relates toehactual navi-
gation algorithms chosen as sampling schemes. We proved apaat of our third
contribution, that, with lawnmower-informed navigation, by using our informed esti-
mation theory to make more useful sampling decisions, thesudting average recon-
struction error is lower than that of lawnmower-traditiond navigation. Concurrently,
if lawnmower-informed navigation conservatively sacries an increase in distance
traversed to obtain better samples, the expended resourca® also less than that re-
quired to sample randomly according to lawnmower-random wrggation. A potential
improvement to the lawnmower-informed navigation, howevewould be to incorpo-
rate a heuristic associated with the data. Similar to our r$ recommendation to
incorporate spatial frequency into the estimation theoryusing a heuristic to guide
navigation has shown promise in similar work contrasting prmance and resource

constraints [56].
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We recall the set of spatially-distributed trajectories wih an underlying lawn-
mower structure from Bourgeois's work in [7] (Section 2.4)When we use the regularly-
spaced linear swaths as a reference around which an agent sawigate according to a
heuristic, a more informed coverage-driven navigation goy is generated. By collect-
ing the local information within the neighborhood of each sath of a symmetrically
placed lawnmower pattern, the potential of better estimatig the entire sample space
is increased [56]. Based on these recommendations, theristemultiple opportuni-
ties to improve knowledge about the relationship between w@ation, sampling, and
estimation.

The nal recommendation for this work relates to the constrant analysis. As our
third contribution, we provide analysis of the performancend required resources of
three distinct navigation algorithms used to generate unige sampling con gurations.
The two constraints of performance and resources, howevaged not be the only
criteria by which a navigation algorithm is evaluated. The omber of constraints
can easily be increased from a two-dimensional to n-dimemsal evaluation space,
depending on the application or phenomena under test.

This work has provided the theoretical framework for an infaned estimation pro-
cess, an informed navigation policy driven by that estimabin process, and constraint-
based comparisons between sampling schemes. Our additigmerspective allows the
robotics and geo-science communities to collaborativelyesign more relevant tech-
nologies that improve information gain about geo-physicgthenomena. With the
advent of these technologies, more useful geodetic infotima for the future will be

gained, in more locations, and at greater spatial resolutis within the pixel footprint.
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APPENDIX A

PERFORMANCE VS. AV G

A.1 Simulated Terrain Models

Here, we include all supplemental content related to plottig error as a function of
con guration con dence ( avg) for environmental phenomena exhibiting low spatial
frequencies (avg=1.5%). When the number of samples per con guration is heldon-
stant, for each terrain to which a speci ¢ navigation algothm is applied, the sampling
con guration generated produces its own unique estimationon dence value, ayg.
When we sort and rank each con guration, then look at the coasponding perfor-
mance (expected and actual) we continue to observe a simikaend of our informed
estimation method outperforming the single-trial Bernoui (or traditional) estimation
method. Plotting performance as a function of o, compensates for the inability to
compare con gurations as a function of coverage since thember of samples in each
con guration is constant. We expand on the results of Sectin5.2 by evaluating
the error produced by each unique con guration generated a constant amount of
coverage,i.e:, each con guration containingB samples. We have shown in previous
sections, that even when the number of samples is set as camst there exist vari-
ability between con gurations as it relates to the amount ofexpected error that is
generated. This variability in error is attributed to both the unique spatial placement
of each sample in a given con guration and that sample's clsiscation as it relates to
the estimation of an unknown location. We set coverage equal approximately 30
percent of the total number of possible samples, per our garl observations (Section
3.2.2), and plot error as a function of a con guration's perent estimation con dence,

100( avg) (Equation (19)). Again, we are interested in the relationsip between the
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expected error projected by our informed estimation methodnd the actual error
generated based on our informed estimation rule (Section33. We include the er-
ror (expected and actual) generated by the traditional esthation as a reference and
present data for all navigation algorithms used as samplinschemes, keeping ayg
constant for all terrains tested. The set 0fQg con gurations tested here are associ-
ated with B samples that constitute approximately 32 percent coverages presented

in Table 6 (Figure 74).

Figure 74: Error (expected and actual) versus percentage ofon guration estimate con -
dence, avg, for lawnmower-traditional navigation algorithm at 32% coverage

For the sample con gurations generated by lawnmower-trational, the gap be-
tween expected and actual error (as produced by our informedtimation method) is
more than 15 percent for DEMs with a spatial frequency of 1.5¢pcent.

While the performance trends are useful, the more relevanbservation from these
plots is related to our con guration estimation con dence netric, ayq. In Chapter

3, we generated analogous results, comparing expected actual error as a function
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of the raw con dence value, ayq, for smaller spacesMN =9 and MN = 16 (Fig-

ures 18-20). Here, in Figure 74, we plot error values as a fuiwet of a con dence
percentage. This percentage is calulated by dividing the wacon guration estima-

tion con dence of a particular con guration by the maximum @n dence possible.
This maximum con dence is equal to 1 multiplied by the quanty of all estimated
locations in the spaceMN  B. Performance as a function of o4 is generated for
the con gurations produced by lawnmower-random navigatio with resulting trends

shown below (Figure 75).

Figure 75: Error (expected and actual) versus percentage ofon guration estimate con -
dence, avg, for lawnmower-random navigation algorithm at 32% coverageand

Again, as seen with lawnmower-traditional, the actual erroigenerated by our
informed estimation method falls below the expected errooif lawnmower-random
related con gurations and outperforms traditional estimaion. We mention this con-
sistency in performance between unique con gurations to grhasize that the trends
associated with our informed estimation method are the sanwhether all Qg con-

gurations are tested or only a smaller subset. For these texins with low spatial
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frequency ( avg = 1:5%), a 10 percent gap exists between expected and actual er-
ror trends (Figure 75). We apply one more set of con guratian associated with

lawnmower-informed navigation to our test DEMs (Figure 76)

Figure 76: Error (expected and actual) versus percentage ofon guration estimate con -
dence, ayg, for lawnmower-informed navigation algorithm at 32% coveraye and

As with the trends in Figures 74 and 75, at the smallest spatidrequency (1.5
percent), our informed estimation method approximates anpper limit on actual

error with a 5 percent gap between trends.
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APPENDIX B

IMPACT OF avec ON PERFORMANCE

This appendix includes all data related to the impact of datanaps exhibiting mod-
erate and high spatial frequencies on the performance of oiformed estimation
method. For terrains whose spatial frequency is equal to oraater than 25 per-
cent, the performance of our estimation method begins to chge and the expected
error generated no longer provides an upper limit on the aclierror. This change
is observed for each of the navigation methods used to gerterainique sampling

con gurations for these test spaces (Figures 77-82).

Figure 77: Performance of informed estimation using lawnmwer-traditional navigation as
a sampling scheme as applied to simulated DEM data at ayg=25%.

As the spatial frequency is increased to 25 percent, our infoed estimation

133



Figure 78: Performance of informed estimation using lawnmwer-traditional navigation as
a sampling scheme as applied to simulated DEM data at ayg=50%.

Figure 79: Performance of informed estimation using lawnmaer-random navigation as a
sampling scheme as applied to simulated DEM data at ayg=25%.

method produces a more linear trend based on the sampleseadiéd using the lawnmower-
traditional navigation (Figure 77). Although, at this higher spatial frequency, the ex-

pected error of the informed method no longer produces an ugpbound on the actual
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Figure 80: Performance of informed estimation using lawnmaer-random navigation as a
sampling scheme as applied to simulated DEM data at ayg=50%.

Figure 81: Performance of informed estimation using lawnmaer-informed navigation as a
sampling scheme as applied to simulated DEM data at ayg=25%.

error, the expected error better approximates the actual esr. This is also veri ed

in Figures 79 and 81, where the average expected error moresely approximates
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Figure 82: Performance of informed estimation using lawnmwer-informed navigation as a
sampling scheme as applied to simulated DEM data at ayg=50%.

the average actual error for all coverages evaluated. Siarly, the trend of actual

error for traditional estimation almost exactly matches tle projected expected error.
This close match shows the robustness of traditional estirti@n under changing con-
ditions of spatial frequency, yet, it lacks the improvemenin estimation error that our

method provides. The improvement of our informed estimatromethod gives further
credence to using nearest-neighbor information to in uemcestimation decisions for
reconstructing a dual-class environment across a range pasal frequencies.

We acknowledge how, for tested terrains with larger spatidtequencies (avg
50%), using traditional estimation to generate expected mr is favored over our in-
formed method. Still, with respect to actual error, our proess of estimating the class
designation (Equation (8)) is more useful for reconstruatg more accurate spaces than
that of the traditional approach, regardless of a terrain'spatial frequency (Figures

78, 80, and 82).
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APPENDIX C

PERFORMANCE AND RESOURCE DATA

C.1 100 Simulated DEMs

Table 14: Relevant performance and resource data for lawnnveer-traditional navigation
across all coverages for simulated DEMSs.

Coverage Avg. err. Std. Dev, Min. err. Resources Max. err. Resources
(%) (%) (%) (%) (%) (%) (%)
0.854 32.327 8.584 | 14.820 0.885 50.9414 0.885
1.709 19.706 6.331 7.962 1.785 36.597 1.785
2.563 12.622 4.178 5.331 2.702 22.957 2.702
3.418 10.607 2.967 5.263 3.569 17.921 3.569
4.272 8.511 2.505 4.219 4.541 16.189 4.541
5.126 7.405 2.115 2.616 5.547 13.316 5.547
5.981 6.040 1.531 2.851 6.238 9.316 6.238
6.836 5.585 1.392 2.790 7.125 8.975 7.125
7.690 5.115 1.354 2.420 8.305 8.567 8.305
8.544 4.596 1.110 2.435 9.054 7.183 9.054
9.399 4.286 0.988 2.246 9.950 6.405 9.950
10.253 3.960 0.962 1.868 11.043 6.193 11.043
11.962 3.449 0.848 1.739 12.404 5.512 12.404
13.671 3.085 0.693 1.512 14.142 4.885 14.142
15.380 2.956 0.702 1.361 16.440 5.074 16.440
18.798 2.412 0.554 1.119 19.612 3.894 19.612
23.924 2.000 0.455 0.938 24.254 3.251 24.254
31.614 1.519 0.347 0.643 31.623 2.548 31.623
47.849 1.133 0.265 0.461 44.721 1.777 44.721
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Table 15: Relevant performance and resource data for lawnnveer-random navigation across
all coverages for simulated DEMs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources

(%) (%) (%0) (%) (%) (%) (%)

0.854 27.473 4.010 | 18.064 5.104 36.620 5.104
1.709 17.969 4.945 9.316 7.258 29.353 7.258
2.563 12.425 3.476 5.837 9.068 19.977 9.068
3.418 9.701 2.636 4.839 10.444 15.267 10.444
4.272 7.748 2.206 3.720 11.878 13.701 11.878
5.127 6.475 1.863 2.994 13.177 10.979 13.177
5.981 5.352 1.381 2.722 14.007 8.771 14.007
6.836 4.642 1.243 2.132 15.082 8.015 15.082
7.690 4.136 1.146 1.928 16.389 6.934 16.389

8.544 3.648 0.964 1.694 17.109 6.200 17.109
9.399 3.268 0.863 1.543 18.092 5.596 18.092

10.253 3.111 0.812 1.490 19.028 5.459 19.028
11.962 2.605 0.620 1.316 20.442 4.053 20.442
13.671 2.313 0.567 1.202 21.761 3.599 21.761
15.380 2.197 0.554 1.051 23.944 4.144 23.944
18.798 1.734 0.393 0.900 26.144 2.896 26.144
23.924 1.461 0.319 0.771 29.802 2.367 29.802
31.614 1.253 0.285 0.681 33.765 2.200 33.765
47.849 1.256 0.272 0.612 46.703 1.966 46.703
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Table 16: Relevant performance and resource data for lawnnveer-informed navigation
across all coverages for simulated DEMSs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources

(%) (%) (%0) (%) (%) (%) (%)

0.854 30.315 6.098 | 12.250 1.252 45.792 1.252
1.709 16.592 5.326 5.898 2.525 29.353 2.887
2.563 10.438 2.917 4.423 3.821 18.442 4.413
3.418 7.430 2.220 3.433 5.295 12.302 5.048
4.272 5.881 1.759 2.155 6.828 10.170 7.206
5.128 4.869 1.400 2.344 7.845 8.333 8.382
5.981 3.962 1.091 1.943 9.142 6.692 9.921
6.836 3.401 0.830 1.671 10.405 5.293 10.922
7.690 3.162 0.892 1.278 11.910 5.323 12.129

8.544 2.765 0.705 1.384 12.804 4.340 13.655
9.399 2.522 0.636 1.074 14.072 3.924 15.308
10.253 2.354 0.621 1.142 15.748 4.023 16.442
11.962 1.903 0.462 0.802 18.033 2.972 18.064
13.671 1.627 0.396 0.711 19936 2.488 21.442

15.380 1.641 0.441 0.809 22.533 3.009 22.999
18.798 1.257 0.319 0.575 28.803 2.238 28.753
23.924 0.968 0.227 0.461 32.350 1.543 34.076

31.614 0.756 0.181 0.371 42.888 1.301 43.632
47.849 0.482 0.120 0.204 45.459 0.870 39.795
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C.2 20 Realistic DEMs

Table 17: Relevant performance and resource data for lawnnveer-traditional navigation

across all coverages for realistic DEMs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources
(%) (%0) (%) (%0) (%0) (%0) (%0)
0.664 8.376 4.547 2.933 0.662 20.594 0.662
1.328 4.488 2.656 1.542 1.351 10.913 1.351
1.992 2.905 1.548 1.079 2.040 5.913 2.040
2.656 2.301 1.245 0.849 2.702 5.255 2.702
3.320 1.891 1.007 0.713 3.446 4.008 3.446
3.984 1.562 0.792 0.630 4.163 3.299 4.163
4.647 1.384 0.703 0.570 4,757 2.984 4.757
5.311 1.247 0.636 0.529 5.547 2.870 5.547
5.975 1.100 0.516 0.480 6.238 2.143 6.238
6.639 1.045 0.518 0.462 7.125 2.142 7.125
7.303 0.970 0.480 0.427 7.670 2.091 7.670
7.967 0.879 0.390 0.397 8.305 1.695 8.305
8.631 0.841 0.375 0.388 9.054 1.637 9.054
9.295 0.772 0.326 0.378 9.950 1.380 9.950
10.623 0.718 0.313 0.346 11.043 1.376 11.043
11.951 0.662 0.284 0.326 12.403 1.343 12.403
13.942 0.575 0.228 0.302 14.142 1.108 14.142
15.934 0.526 0.202 0.276 16.440 0.955 16.440
19.254 0.448 0.160 0.254 19.612 0.808 19.612
24.565 0.391 0.136 0.224 24.254 0.720 24.254
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Table 18: Relevant performance and resource data for lawnnveer-random navigation across
all coverages for realistic DEMSs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources

(%) (%) (%) (%) (%) (%) (%)
0.664 8.439 3.426 | 3.849 4.163 | 15.549 4.162
1.328 3.953 1.546 | 1.838 6.210 | 6.733 6.238
1.992 2.615 1.033 | 1.208 7.669 | 4.929 7.784
2.656 1.931 0.726 | 0.893 8.821 | 3.441 8.821

3.320 1.598 0.576 0.731 10.036 2.709 10.190
3.984 1.360 0.523 0.619 11.027 2.636 11.256

4.647 1.152 0.447 0.485 11.897 2.183 11.897
5.311 1.029 0.408 0.432 12.954 2.021 12.954
5.975 0.910 0.362 0.375 13.801 1.868 13.801

6.639 0.832 0.330 0.353 14.876 1.563 15.231
7.303 0.758 0.301 0.319 15.464 1.530 15.464

7.967 0.705 0.278 0.289 16.214 1.431 16.214
8.631 0.639 0.257 0.280 16.958 1.332 16.958
9.295 0.591 0.228 0.285 17.989 1.010 17.920
10.623 0.550 0.227 0.241 18.964 1.193 18.964
11.951 0.495 0.211 0.235 20.308 1.102 20.308
13.942 0.415 0.160 0.206 21.808 0.838 21.808

15.934 0.380 0.141 0.191 23.913 0.656 23.842
19.254 0.330 0.125 0.158 26.234 0.586 26.169
24.565 0.284 0.106 0.135 29.645 0.550 29.687
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Table 19: Relevant performance and resource data for lawnnveer-informed navigation
across all coverages for realistic DEMs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources

(%) (%) (%) (%) (%) (%) (%)
0.664 7.612 2.381 | 3.190 0.937 | 13.005 0.937
1.328 3.493 1.383 | 1.641 1.911 | 5.909 2.152
1.992 2.214 0.704 | 1.016 2.886 | 3.946 3.154
2.656 1.643 0.630 | 0.753 3.821 | 2870 4.106
3.320 1.297 0.503 | 0.704 4874 | 2.334 4.874
3.984 1.126 0.368 | 0.513 5.887 | 1.900 5.969
4.647 0.916 0.301 | 0.407 6.727 | 1.623 6.727
5.311 0.799 0.296 | 0.370 7.845 | 1.629 8.046
5.975 0.718 0.232 | 0.401 8.822 | 1.324 8.822

6.639 0.730 0.257 0.396 10.076 1.298 10.076
7.303 0.605 0.221 0.298 10.847 1.178 10.847
7.967 0.579 0.203 0.279 11.744 1.122 11.744
8.631 0.508 0.180 0.247 12.804 1.024 12.804
9.295 0.511 0.186 0.241 14.072 1.035 14.072

10.623 0.409 0.151 0.176 15.617 0.818 15.617
11.951 0.388 0.131 0.201 17.541 0.687 17.541
13.942 0.311 0.098 0.151 20.000 0.540 20.000

15.934 0.300 0.108 0.142 23.250 0.547 23.250
19.254 0.236 0.086 0.103 27.472 0.460 27.672
24.565 0.187 0.059 0.081 33.864 0.291 34.705
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C.3 10 MODIS DEMs

Table 20: Relevant performance and resource data for lawnnveer-traditional navigation

across all coverages for MODIS DEMSs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources
(%) (%0) (%) (%0) (%0) (%0) (%0)
0.854 23.115 10.993| 14.034 0.885 48.847 0.885
1.709 18.533 6.190 | 11.871 1.785 30.359 1.785
2.563 18.636 4.600 | 13.936 2.702 28.212 2.702
3.418 14.350 3.574 | 10.155 3.569 20.854 3.569
4.272 14.851 3.767 | 10.926 4.541 21.641 4.541
5.127 13.500 3.151 9.822 5.547 19.115 5.547
5.981 12.060 2.913 9.316 6.238 17.860 6.238
6.836 11.445 2.887 8.083 7.125 17.422 7.125
7.690 10.929 2.362 8.136 8.305 15.274 8.305
8.544 10.206 2.499 6.699 9.054 14.480 9.054
9.399 9.425 1.900 6.601 9.950 12.265 9.950
10.253 9.430 2.052 6.571 11.043 13.202 11.043
11.962 8.033 1.798 5.482 12.403 11.009 12.403
13.671 7.599 1.574 5.172 14.142 9.747 14.142
15.380 7.206 1.534 4.620 16.440 9.346 16.440
18.798 6.174 1.353 4.038 19.612 8.045 19.612
23.924 5.276 1.111 3.312 24.254 6.465 24.254
31.614 4.101 0.864 2.578 31.623 5.006 31.623
47.849 3.130 0.604 1.943 44.721 3.871 44.721
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Table 21: Relevant performance and resource data for lawnnveer-random navigation across
all coverages for MODIS DEMs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources
(%) (%0) (%) (%) (%) (%) (%)
0.854 21.598 7.495 | 14.737 5.030 35.440 5.0303
1.709 16.492 6.850 | 10.336 7.149 32.287 7.1493
2.563 14.318 5.741 9.134 8.985 26.064 8.9851
3.418 12.767 4.366 8.227 10.315 | 22.064 10.315
4.272 11.673 4.119 7.637 12.032 19.773 12.032
5.127 10.871 3.625 6.904 13.266 18.503 13.266
5.981 10.071 3.141 6.647 14.145 16.802 14.145
6.836 9.054 3.026 6.004 15.020 16.068 15.020

7.690 8.752 2.786 5.263 16.157 14.465 16.157
8.544 8.092 2.764 5.013 16.889 14.079 16.889
9.399 7.771 2.220 5.285 17.830 12.416 17.830
10.253 7.618 2.274 4.915 18.801 11.947 18.801
11.962 6.371 2.009 3.705 20.155 10.352 20.155
13.671 5.949 1.749 3.660 21.554 8.870 21.554
15.380 5.564 1.664 3.478 23.612 8.696 23.612
18.798 4.729 1.295 2.813 26.201 6.715 26.201
23.924 4.282 1.009 2.760 28.342 5.641 28.342

31.614 3.614 0.801 2.329 33.128 4.620 33.128
47.849 3.616 0.777 2.238 24.290 4.529 24.290
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Table 22: Relevant performance and resource data for lawnnveer-informed navigation
across all coverages for MODIS DEMs.

Coverage Avg. err. Std. Dev) Min. err. Resources Max. err. Resources
(%) (%0) (%) (%) (%0) (%) (%)
0.854 19.927 8.340 | 10.843 1.543 36.227 1.579
1.709 15.564 6.202 9.686 3.054 27.229 2.806
2.563 12.961 4.557 8.204 4.475 21.618 4.522
3.418 12.244 4,521 7.887 5.735 21.611 5.761
4.272 11.326 3.687 7.448 7.080 19.546 7.312
5.127 10.320 3.399 6.647 9.175 17.732 8.314
5.981 9.304 2.957 6.216 9.997 16.106 9.854
6.836 8.395 2.865 4,991 10.908 14.662 11.609
7.690 8.048 2.771 5.134 13.335 13.739 13.349
8.544 7.291 2.452 4.628 14.846 12.439 13.644
9.399 6.802 2.171 4.219 15.708 11.448 15.014
10.253 6.635 2.132 4.053 17.282 11.062 16.466
11.962 5.763 1.851 3.342 20.159 9.399 19.543
13.671 5.253 1.525 3.047 21.599 8.234 22.047
15.380 5.075 1.506 2.858 26.854 7.766 24.981
18.798 4.178 1.142 2.435 29.966 5.966 30.333
23.924 3.460 0.909 2.079 34.096 4.870 35.457
31.614 2.664 0.683 1.474 42.714 3.546 44.494
47.849 2.023 0.530 1.127 41.325 2.730 44.584
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C.4 Single Real DEM

Table 23: Relevant performance and resource data for lawnnveer-traditional navigation
across all coverages for a real DEM.

Coverage Error Resources
(%) (%) (%)
0.488 38.756 0.503
0.975 12.244 1.010
1.463 6.119 1.515
1.950 8.826 2.040
2.438 5.841 2.563
2.925 3.985 3.029
3.413 5.363 3.569
3.900 4.060 4.163
4.388 3.109 4.541
4.876 3.826 5.256
5.363 2.980 5.547
5.851 2.502 6.238
6.338 3.264 6.652
6.826 2.557 7.125
7.313 2.328 7.670
7.801 2.831 8.305
8.776 2.308 9.054
9.264 2.468 9.950
10.726 2.169 11.043
11.701 1.756 12.403
13.652 1.831 14.142
16.090 1.756 16.440
19.015 1.517 19.612
23.891 1.224 24.254

146



Table 24: Relevant performance and resource data for lawnnveer-random navigation across
all coverages for a real DEM.

Coverage Error Resources
(%) (%) (%)
0.488 32.866 3.828
0.975 12.642 5.462
1.463 6.612 6.737
1.950 5.791 1.777
2.438 4.786 8.721
2.925 3.711 9.557
3.413 3.114 10.214
3.900 2.642 11.235
4.388 2.866 11.752
4.876 2.418 12.551
5.363 2.080 13.006
5.851 1.831 13.980
6.338 1.522 14.318
6.826 1.532 14.864
7.313 1.746 15.328
7.801 1.507 16.066
8.776 1.209 16.964
9.264 1.204 18.020
10.726 0.995 18.844
11.701 0.871 20.268
13.652 1.070 21.662
16.090 0.766 23.529
19.015 0.721 26.269
23.891 0.756 28.704
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Table 25: Relevant performance and resource data for lawnnveer-informed navigation
across all coverages for a real DEM.

Coverage Error Resources
(%) (%) (%)
0.488 50.269 0.959
0.975 14.692 1.892
1.463 10.771 2.836
1.950 4.299 4.244
2.438 3.134 4.477
2.925 2.388 5.174
3.413 2.413 6.039
3.900 2.159 7.141
4.388 1.612 7.609
4.876 1.373 9.001
5.363 1.617 9.314
5.851 1.129 9.897
6.338 1.423 10.873
6.826 0.940 11.318
7.313 1.035 12.341
7.801 1.095 12.613
8.776 0.776 14.102
9.264 0.871 14.865
10.726 0.726 17.689
11.701 0.786 18.263
13.652 0.587 21.664
16.090 0.453 22.540
19.015 0.448 28.628
23.891 0.353 29.961

148



REFERENCES

[1] Ayeni, O. O. , \Optimum sampling for digital terrain models: A trend towards
automation,” Photogrammetric Engineering and Remote Sensingol. 48, no. 11,
pp. 1687{1694, 1982.

[2] Samal, A. , \Pincock perspectives: Basics of variogram analysis," Ma2007.

[3] Low, K. H. , Gordon, G. J. , Dolan, J. M. , and Khosla, P. , \Adaptive
sampling for multi-robot wide-area prospecting,” tech. ne., Carnegie Mellon
University, 2005.

[4] Low, K. H. , Dolan, J. M. , and Khosla, P. , \Adaptive multi-robot wide-
area exploration and mapping," inProceedings of the 7th Int. Joint Conference
on Autonomous Agents and Multiagent Systems-Volume d. 2330, 2008.

[5] Rahimi, M. , Pon, R. , Kaiser, W. J. , Sukhatme, G. S. , Estrin, D. , and
Srivastava, M. , \Adaptive sampling for environmental robotics," in IEEE Int.
Conference on Robotics and Automatiqr2004.

[6] Batalin, M. A. , Rahimi, M. , Yu, Y., Liu, D. , Kansal, A. , Sukhatme,
G. S., Kaiser, W. J. , Hansen, M. , Pottie, G. J. , Srivastava, M. , and
Estrin, D. , \Call and response: experiments in sampling the environmg" in
Proceedings of the 2nd international conference on Embeddeetworked sensor
systems SenSys '04, pp. 25{38, 2004.

[7] Bourgeois, B. S. , Brandon, D. L. , Cheramie, J. J. , and Gravley, J.
\E cient hydrographic survey planning using an environmertally adaptive ap-
proach,” in DoD Technical Report (Stennis Space Center, MS), 2006.

[8] Precise Geodetic Infrastructure: National Requirementsof a Shared Resource
Washington, DC: The National Academies Press, 2010.

[9] NOAA , \http://oceanservice.noaa.gov/."

[10] Stroeve, J. , Box, J. E. , Gao, F. , Liang, S. , Nolin, A. , and Schaaf, C. ,
\Accuracy assessment of the modis 16-day albedo product ferasv: comparisons
with greenland in situ measurements,Remote Sensing of Environmentvol. 94,
pp. 46 { 60, 2005.

[11] Spikes, V. B. and Hamilton, G. S. , \Glas calibration-validation sites estab-
lished on the west antarctic ice sheet,” irinternational Symposium on Remote
Sensing of Environment (Honolulu, Hawaii), 2003.

149



[12] Davis, C. H. and Segura, D. M. , \An algorithm for time series analysis
of ice sheet surface elevations from satellite altimetry,|[EEE Transactions on
Geoscience and Remote Sensingpl. 39, pp. 202 { 206, 2001.

[13] Keller, K. , Casassa, G., Rivera, A. , Forsberg, R. , and Gundestrup,
N., \Airborne laser altimetry survey of glaciar tyndall, patagonia,” Journal of
Global and Planetary Changevol. 59, pp. 101 { 109, 2007.

[14] Parker, L. T. , English, B. , Chavis, M. A. , and Howard, A. M. , \Im-
provements to satellite-based albedo measurements usingsitu robotic survey-
ing techniques,” inAIAA Infotech@Aerospace ConferenceApril 20 { 22 2010.

[15] Williams, S. , Parker, L. T. , andHoward, A. M. , \Calibration and valida-
tion of earth-observing sensors using deployable surfaz@sed sensor networks,"
in IEEE Journal of Selected Topics in Earth Observations and Rete Sensing
20009.

[16] Parker, L. T. and Howard, A. M. , \Real-time robotic surveying for unex-
plored arctic terrain,” in NASA Earth Science Technology ForumJune 22 { 24
2010.

[17] Space Studies Boardsarth Science and Applications from Space: National Im-
peratives for the Next Decade and Beyond007.

[18] Wang, J. , Haining, R. , and Cao, Z. , \Sample surveying to estimate the mean
of a heterogeneous surface: reducing the error variancedbgh zoning,"Interna-
tional Journal of Geographical Information Sciencevol. 24, no. 4, pp. 523{543,
2010.

[19] Reilly, C. andGelman, A. , \Weighted classical variogram estimation for data
with clustering,” Technometrics vol. 49, no. 2, pp. 184{194, 2007.

[20] Marchant, B. P.  and Lark, R. M. , \Optimized sample schemes for geosta-
tistical surveys," Mathematical Geologyvol. 39, no. 1, pp. 113{134, 2007.

[21] Balce, A. E. , \Determination of optimum sampling interval in grid digital el-
evation models (dem) data acquisition,'"Photogrammetric Engineering and Re-
mote Sensingvol. 53, no. 3, pp. 323{330, 1987.

[22] Billa, M. , Cassard, D. , Lips, A. L. W. , Bouchot, V. , Tourliere, B.
Stein, G. , and Guillou-Frottier, L. , \Predicting gold-rich epithermal and
porphyry systems in the central andes with a continental-s¢e metallogenic gis,"
Ore Geology Reviewsvol. 25, pp. 39{67, 2004.

[23] Atkinson, P. M.  and Llyod, C. D. , \Non-stationary variogram models for
geostatistical sampling optimisation: An empirical invesgation using elevation
data,” Computers & Geosciencesvol. 33, pp. 1285{1300, 2007.

150



[24] Webster, R. and Oliver, M. A. , Geostatistics for Environmental Scientists
John Wiley & Sons Publishing, 2003.

[25] Morrison, J. L. , \A link between cartographic theory and mapping practice;
the nearest neighbor statistic,"Geographical Reviewvol. 60, 1970.

[26] Li, J. and Heap, A. D. , A Review of Spatial Interpolation Methods for Envi-
ronmental Scientists Australian Government, 2008.

[27] Gneiting, T. , Sasvari, Z. , and Schlather, M. , \Analogies and correspon-
dences between variograms and covariance functions," Teéep. 056, National
Research Center for Statistics and the Environment, Octolb&000.

[28] Wingham, D. J. , Shepherd, A. , Muir, A. , and Marshall, G. J. , \Mass
balance of the antarctic ice sheet,Philosophical Transactions of the Royal So-
ciety A, vol. 364, pp. 1627 { 1635, 2006.

[29] Keutterling, A. and Thomas, A. , \Monitoring glacier elevation and volume
changes with digital photogrammetry and gis at gepatschfieer glacier, austria,"
International Journal of Remote Sensingvol. 27, pp. 4371 { 4380, October 2006.

[30] Dinkins, C. P. and Jones, C., Soil Sampling StrategiesMontana State Uni-
versity, 2008.

[31] Meersmans, J. , Ridder, F. D. , Canters, F. , Baets, S. D. , and Molle,
M. V., \A multiple regression approach to assess the spatial dighution of
soil organic carbon (soc) at the regional scale ( anders, lggum),” Geoderoma
no. 143, pp. 1{13, 2008.

[32] Carranza, E. J. and Sadeghi, M. , \Predictive mapping of prospectivity
and quantitative estimation of undiscovered vms depositsiskellefte district
(sweden)," Ore Geology Reviewsno. 38, pp. 219{241, 2010.

[33] Carranza, E. J. , \Objective selection of suitable unit cell size in data-dven
modeling of mineral prospectivity,"Computers & Geoscienceso. 35, pp. 2032{
2046, 2009.

[34] Tunstel, E. , Anderson, G. T. , and Wilson, E. E. , \Autonomous mobile
surveying for science rovers using in situ distributed ren® sensing," inIEEE
Int. Conference on Systems, Man, and Cybernetic@Pasedena, CA), 2007.

[35] Tunstel, E. , Dolan, J. , Fong, T. W. , and Schreckenghost, D. , \Mobile
robotic surveying performance for planetary surface sitenaracterization,” in
Performance Evaluation and Benchmarking of Intelligent Stems (Tunstel,
E. and Messina, E. , eds.), Springer, August 2009.

[36] Tunstel, E. , McFarlane, L. , and Mejia, V. , \Rover prototype for mo-
bile surveying technology development,” irlNSBE Aerospace Conference(Los
Angeles, CA), 2010.

151



[37] Anderson, M. O. , Kinoshita, R. A. , McKay, M. D. , Willis, W. D. ,
Gunderson, R. W. ,andFlann, N. S. , \Mobile robotic teams applied to pre-
cision agriculture,” in 8th International Topical Meeting on Robotics and Remote
Systems (Idaho Falls, ID), 1999.

[38] Fong, T. , Allan, M. , Bouyssounouse, X. , Bualat, M. G. , Deans,
M. C., Edwards, L. , Fluckiger, L. , Keely, L. , Lee, S. Y., Lees, D.,
To, V., and Utz, H. , \Robotic site survey at haughton crater,” in 9th Int.
Symposium on Arti cial Intelligence, Robotics and Automatbn in Space (Los
Angeles, CA), 2008.

[39] Fong, T. W. , Bualat, M. , Edwards, L. , Flueckiger, L. , Kunz, C.,
Lee, S. Y., Park, E. ,To, V. , Utz, H. , Ackner, N. , Armstrong-Crews,
N., and Gannon, J. , \Human-robot site survey and sampling for space explo-
ration," in AIAA Space 2006 September 1996.

[40] Low, K. H. , Gordon, G. J. , Dolan, J. M. , and Khosla, P. , \Adaptive
sampling for multi-robot wide-area exploration,” inIEEE Int. Conference on
Robotics and Automation pp. 755{760, 2007.

[41] NASA , \http://lunarscience.nasa.gov/robots/2010/robotic- tech."

[42] Jin, J., Optimal eld coverage path planning on 2D and 3D surfacesPhD
dissertation, lowa State University, Department of Agriculural and Biosystems
Engineering, 2009.

[43] Hashemi, R. R. , Jin, L., Anderson, G. T. , Wilson, E. , and Clark,
M. R. , \A comparison of search patterns for cooperative robots @pating in re-
mote environment," inIEEE Int. Conference on Information Technology: Coding
and Computing (Las Vegas, NV), 2001.

[44] Hashemi, R. R. , Jin, L. , Jones, S., Owens, D., and Anderson, G. , \A
rule-based system for localization of water on the surfacé mars,” in IEEE
Int. Conference on Information Technology: Coding and Comping, (Las Vegas,
NV), 2001.

[45] Durrant-Whyte, H. and Bailey, T. , \Simultaneous localization and map-
ping: part i,” Robotics Automation Magazine, IEEE vol. 13, pp. 99 {110, june
2006.

[46] Dantu, K. , Rahimi, M. , Shah, H., Babel, E. , Dhariwval, A. , and
Sukhatme, G. S. , \Robomote: Enabling mobility in sensor networks,” inin
IEEE/ACM Fourth International Conference on Information P rocessing in Sen-
sor Networks (IPSN-SPOTS pp. 404{409, 2005.

[47] Cortes, J. , \Distributed kriged kalman Iter for spatial estimation, " IEEE
Transactions on Automatic Control December 2009.

152



[48] Castello, C. C. , Davari, A. , and Chen, R., \Optimal sensor placement
strategy for environmental monitoring using wireless seas networks," in In
Proceedings of the 42nd South Eastern Symposium on System ThedTyler,
TX), March 2010.

[49] Cover, T. andHart, P. , \Nearest neighbor pattern classi cation," Informa-
tion Theory, IEEE Transactions on, vol. 13, pp. 21 {27, january 1967.

[50] Papoulis, A. , Probability, Random Variables, and Stochastic Processes
McGraw-Hill, 3rd ed., 1991.

[51] Clark, P. J. and Evans, F. C. , \Distance to nearest neighbor as a measure
of spatial relationships in populations,"Ecology vol. 35, pp. 445 {453, October
1954.

[52] Liu, L. , Crowe, T. G. , Roberge, M. , and Bakambu, J. N. , \Vision-based
exploration algorithms for rough terrain modeling using tiangular mesh maps,"
in IEEE Int. Workshop of Robotic Sensors and EnvironmentgOttawa, Canada),
2007.

[53] Rahimi, M. , Hansen, M. , Kaiser, W. J. , Sukhatme, G. S. , and Estrin,
D., \Adaptive sampling for environmental robotics,” in IEEE/RSJ Int. Confer-
ence on Intelligent Robots and Systemg§New Orleans, LA), pp. 3692 { 3698,
2005.

[54] Heavner, M. L. , Fatland, D. R. , Hood, E. W. , and Connor, C. , \A
cryospheric sensor web use case on a small temperate gldciar Proceedings of
the Earth Science Technology ConferencéVashington, DC), June 2008.

[55] Moghaddam, M. , Burgin, M. , Castillo, A. , Entekhabi, D. ,
Goykhman, Y. , Kakhbod, A. , Li, K., Liu, M. , Nayyar, A. , Siha, A. ,
Teneketzis, D. , Wang, Q. , and Wu, X. , \Soil moisture sensing controller
and optimal estimator (soilscape): First deployment of thevireless sensor net-
work and latest progress on soil moisture satellite retriavvalidation strategies,"
in NASA Earth Science Technology ForumJune 21 { 23 2011.

[56] Parker, L. T. and Howard, A. M. , \Adaptive robot navigation protocol for
estimating variable terrain elevation data," inlIEEE Int. Conference on Systems,
Man, and Cybernetics (Anchorage, AK), October 2011.

[57] Abdullah, Q. A. , \Mapping matters: The layman's perspective on technical
theory and practical applications of mapping and gis,'Journal of Photogram-
metric Engineering & Remote Sensingvol. 74, pp. 683 { 685, June 2008.

[58] Subcommittee for Base Cartographic Data, Fedreal Gaaghic Data Committee,
Geospatial Positioning Accuracy Standards Part 3: Natiorié&Standard for Spatial
Data Accuracy, fgdc-std-007.3-1998 ed., 1998.

153



[59] Greenwalt, C. R. and Schultz, M. E. , \Principles of error theory and
cartographic applications,” Tech. Rep. 96, Aeronautical Clrt & Information
Center (ACIC) Technical Report, February 1962.

[60] Fournier, A. , Fussell, D. , and Carpenter, L. , \Computer rendering of
stochastic models," inCommunications of the ACM June 1982.

[61] Roberts, L. G. , \Machine perception of three-dimensional solids," irLincoln
Laboratory Technical Report 5131963.

[62] Gonzalez, R. C. andWoods, R. E. , Digital Image Processing Prentice Hall,
2002.

[63] Pratt, W. K. , Digital Image Processing Wiley, 1978.

[64] Canny, J. , \A computational approach to edge detection,” inlEEE Trans.
Pattern Analysis and Machine Intelligencevol. 8, pp. 679{714, 1986.

[65] de Berg, M. , Cheong, O. , van Kreveld, M. , and Overmars, M. , Com-
putational Geometry: Algorithms and Applications Springer-Verlag, 2008.

[66] Sandwell, D. T. , \Biharmonic spline interpolation of geos3 and seasat aitie-
ter data,” Geophysical Research Lettervol. 14, 1987.

[67] Barsky, B. and DeRose, T. , \Geometric continuity of parametric curves:
three equivalent characterizations,'Computer Graphics and Applications, IEEE
vol. 9, pp. 60 {69, nov 1989.

[68] Mei, H. , Parker, L. T. , and Howard, A. M. , \Conversion of gis contour
maps into surface digital elevation models," ilEEE Int. Conference on Systems,
Man, and Cybernetics (Anchorage, AK), October 2011.

[69] Shuman, D., Nayyar, A. , Mahajan, A. , Goykhman, Y. , Li, K., Liu,
M., Teneketzis, D. , Moghaddam, M. , and Entekhabi, D. , \Measurement
scheduling for soil moisture sensing: From physical modets optimal control,”
Proceedings of the IEEEvol. 98, no. 11, pp. 1918 {1933, 2010.

154



