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Abstract

Military training and weapons testing activities leave behind munitions debris, including both
inert fragments and explosives that failed to detonate. The latter are known as unexploded
ordnance (UXO). It is important to nd and dispose of UXO items that are loc ated where
people could come into contact with them and cause them to detonate.

Typically there exists uncertainty about the locations of UXO items and the sizes of UXO-
containing regions at a site, so statistical analyses are used to suppodecisions made while
planning a site remediation project. The Visual Sample Plan software YSP), published by the

Paci c Northwest National Laboratory, is widely used by United States milit ary contractors to

guide sampling plan design and to identify regions that are likely to cotain UXO.

VSP has many features used for a variety of situations in UXO cleanup and othetypes of
projects. This study focuses on the sampling plan and geostatisticainapping features used
to nd target areas where UXO may be present. The software produces tnsect sampling
plans based on prior information entered by the user. After the sample dta are collected, VSP
estimates spatial point density using circular search windows andhen uses Kriging to produce
a continuous map of point density across the site. | reviewed the softare's documentation and
examined its output les to provide insight about how VSP does its computations, allowing the

software's analyses to be closely reproduced and therefore bettenderstood by users.

| perform a simulation study to investigate the performance of VSP for identifying target areas
at terrestrial munitions testing sites. | simulate three hypothetical sites, di ering in the size and
number of munitions use areas, and in the complexity of the background nge. Many realizations
of each site are analyzed using methods similar to those employed by VSto delineate regions
of concentrated munitions use.

| use the simulations to conduct two experiments, the rst of which explores the sensitivity of
the results to di erent search window sizes. | analyze two hunded realizations of the simplest
site using the same sampling plan and ve di erent window sizes. Based on the results, | select
90% of the minor axis of the target area of interest as the window diameter fothe second
experiment.

The second experiment studies the e ects of the prior information alout the target area size
and spatial point density of munitions items. For each site, | use four pior estimates of target

area size and three estimates of point density to produce twelve sapting plans. One hundred

realizations of each site are analyzed with each of the twelve sampling @hs. | evaluate the
analysis in terms of the detection rates of munitions items and target aras, the distances
between undetected munitions items and identi ed areas, the totalarea identi ed, and other

practical measures of the accuracy and e ciency of the cleanup e ort. | wnclude that the most

accurate identi cation of target areas occurs when the sampling plan is bsed on the true size of
the smallest target area present. The prior knowledge of the spatial pait density has relatively

little impact on the outcome.
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1 Introduction

Warfare, by nature, involves handling and using dangerous munitions iéms. Even outside of
wartime, new weapons are continually developed and tested, and troops artrained in their use.
Munitions-related debris are inevitably left behind wherever military activities occur, at battle elds,
training sites, and test sites both on land and at sea. These debris areypically bullets and inert
metal fragments, but can also include toxic chemicals and live mingsgrenades, or explosive shells
that failed to detonate. Often, these items remain at a site for years.Each type of munitions device
has a unique set of associated hazards and various methods have beenealeped to address them.
This paper focuses speci cally on explosives used in terrestrialvarfare.

Explosive munitions items which fail to detonate and are left behind are known asunexploded
ordnance (UXO) and present a potential danger to anyone who encounters them. TheUnited
States military conducts ground-based training activities in wilderness and rural areas where there
is little immediate danger to bystanders. However, many of these sés are leased from civilian
owners and returned to the owners when they are no longer needed ke military. Other sites
are made available as public land after they are decommissioned. Theseeas are often used for
agriculture or outdoor recreation, and may be transferred to private ownership for development.
The Department of Defense funds projects to clean these sites armgduce the risk that UXO poses
to civilians.

For example, the Motlow Range, near Tullahoma, Tennessee, was establisti in 1941 and used by
the US Army for artillery testing. The site is now used largely for agriculture, but is also occupied
by several houses and a community college (Pulpisher et al. 2014). In Monta's Helena Valley, part
of the Chevallier Ranch was used in the 1940s and 1950s by the Montana Army National Gud
for tank and atrtillery training. Urban growth around the city of Helena has re sulted in residential
areas encroaching upon the former ring ranges (Neptune and Company, Ing2008). There is a
possibility that live explosives remain at these locations. In the nterest of safety, these sites have
undergone e orts to nd and remove munitions items before they are urintentionally encountered
by the pubilic.

In many cases there exist historical records of where military activiies took place, sometimes with
detailed information about the locations from which the munitions were red and the locations of
the intended targets. In other cases, such detailed information is notvailable and so the process
of nding and removing ordnance involves a high degree of uncertainty. Sophisticated statistical
techniques and software have been developed to help manage this unizenty.

One software package that has become commonly used in recent years is Visigdample Plan (VSP
Development Team|2016), published by the Paci ¢ Northwest National Laboratory (PNNL). It
includes tools to help design statistical sampling plans, analyze saphe data to identify possible
munitions use areas, and implement quality control measures. VSP is tommended by several
government agencies and is designed to be used by individuals who anet experts in statistics.

To produce a sampling plan, VSP relies heavily on prior information comained in the conceptual
model of the site. Speci cally, the software requires information alout the sizes and shapes of
the munitions use areas and the spatial density of munitions-relatedtems in these areas. There
may be a lot of uncertainty in these quantities, especially if a deailed history of the site is not
available. Additionally, mapping the level of contamination across the ste after sampling requires



selecting the size of a search window in which the software computea moving average of spatial
point density. This window size parameter has no direct connectiorto the conceptual site model,
so it is also of interest to assess the importance of the window sizéaice.

Previous case studies and simulation studies performed by the delmment team at PNNL have
veri ed the accuracy of probabilities and con dence levels reportedby VSP, and concluded that
sampling plans created with VSP are adequate for verifying that a cleanp is successful or that the
guantity of munitions items in a sampling area is acceptably low (Pukipher et al.[ 2011, Pulpisher et
al. 2014). There is less information available about the quality of VSP's reslts when the objective
is identi cation of unknown munitions use areas.

The goals of this project are (1) to exposit the methods and assumptions sed by VSP to identify
munitions use areas, (2) to assess the sensitivity of these methods di erent prior information
about the site, and (3) to provide a starting point for further studie s of target area delineation
methodologies.

| accomplish the rst goal through a thorough review of guidance documents,the Visual Sample
Plan documentation, and the help les included with the softwardl] (Sections 2 and B). A simulation
study addresses the second goal (Sectiohs4{6). Code for the simulatiorsprovided in Appendix|A|
and onIineE] Finally, discussions of future investigations and comparisons with otler analysis
methods contribute to the third goal (Section @

For the simulation study, | de ne conceptual models of three tank and attillery training sites
with di erent levels of complexity. These models de ne target areas where munitions items are
concentrated, and | simulate many realizations from these models us@mspatial Poisson processes
to generate the locations of munitions items and background noise itemsl then implement the
entire process of designing a sampling plan and identifying posdi& munitions-containing regions
on the realized sites using the techniques employed by VSP.

Success of the VSP analysis is measured for each realization by tHetection rate of munitions items
(where an item is considered detected if it is within a region ideti ed as a possible target area),
the distance between each undetected munitions item and the neastidenti ed possible target area
(error distance), and the proportion of the true target areas included in the regions idemi ed as
potentially containing munitions. E ciency of the sampling and clean up e ort is measured through
the distance traversed while sampling, the total area identi ed for cleanup, the proportion of the
identi ed regions not actually belonging to the true target areas (false positive proportion), and
the number of distinct possible munitions-containing regions that are identi ed.

| have prepared this document in the hope that it will not only convey the simulation results,
but that it will also be useful both to the statistician wishing to | earn more about UXO data and
VSP, and to the VSP user who desires to gain a deeper understanding ofi¢ underlying statistical
methods and assumptions.

1The most up-to-date help les are also available at |http://vsp.pnnl.gov/help/
2The les for this project are publicly available on Github at https://www.github.com/kflagg/vspuxo


http://vsp.pnnl.gov/help/
https://www.github.com/kflagg/vspuxo

2 Remediation of Unexploded Ordnance Sites

The general process for clearing a site of UXO is described in detaihithe U.S. Army Corps
of Engineers Interim Guidance Document, \Technical Guidance for Miitary Munitions Response
Actions" (USACE IGD 14-01). An introduction to the methodology and de niti ons of important
terms are presented below in Sectiofi 2]1. | summarize the procedes themselves in Sectioh 2]2.
The procedures are the same regardless of the software used for plangiand analysis, and IGD 14-
01 describes several software options. Software packages with featurgsesi cally meant for UXO
projects include Visual Sample Plan and UXO Estimator. The guidance doament also mentions
some general-purpose geostatistical and GIS software packages like ArcGIRyt VSP receives the
most thorough discussion because it has the most complete set of UXO-specfeatures.

2.1 Detecting Unexploded Ordnance

At a military site, most munitions-related items are located in regions of concentrated munitions
use surrounding targets, known agarget areas (TAs). Extant UXO is expected to be contained in
a TA, so the standard methodology for locating UXO focuses on nding the TAs. The information
in this section comes from Chapters 6 and 8 of IGD 14-01, which contain a greatedl of technical
details that | omit here.

Munitions are readily detected by magnetometers anddigital geophysical mapping(DGM) equip-
ment. These devices range in size from handheld sensors to larger aysathat are towed by vehicles.
They record a continuous signal in response to magnetic elds as they averse the surface of a site.
Peaks in the signal represent nearby metallic items. These items arcalled anomalies and the
spatial locations of anomalies are recorded when they are encountered dag data collection. An
anomaly may or may not be a munitions item, but the spatial distribution of anomaly locations is
the key to identifying target areas.

Anomalies which are ordnance or related debris are known atargets of interest (TOIs). It is
important to specically de ne TOI for a particular site. This allow s DGM equipment to be
calibrated to detect the type of munitions that are likely to be present, reducing the number of
non-TOI anomalies that are mistaken as possible TOIls. Additionally, ballistic properties have been
well documented for all munitions commonly used by the U.S. military The distance fragments
typically travel from the impact point can provide an initial estimat e of the size of the TAs, and
the maximum penetration depth of the munitions can also be estimated ad used to decide how
deep to dig during the cleanup.

Anomalies which are not TOIs may be ferrous rocks or other naturally-ocarring geological items,
or they can be things like bottle caps, nails, and coins that arrived at thesite through human
activities entirely unrelated to munitions use. These anomalies a@ considered background noise,
so part of the goal of analyzing the DGM data is to separate the noise from the \gnal" of true
TOI items and nd where the TOI items are located.

Background anomalies are typically treated as being homogeneously distritied. The spatial den-
sity of the background anomalies can often be known with reasonable certaiy based on geologic
information or survey data from areas thought to be free of munitions. If a ste is believed to
contain areas of munitions use, it is generally assumed that elevated anomaldensity is due to



the presence of TOI. Therefore, the approach used to nd possible taget areas is to predict the
anomaly density at each location of the site and identify regions of high desity. There are many
decisions and assumptions that must be made in the process.

2.2 The Cleanup Procedure

Clearing a former military site of dangerous material is typically an expensive and time-consuming
project, so it is important that all procedures are carefully de ned, and that appropriate quality
control measures are used to assess whether the goals of the cleanup patjare met. The ba-
sic procedure described in IGD 14-01 consists of three phases. Thest phase is a preliminary
investigation to decide where to focus cleanup e orts and how to allgate resources. The second
phase involves the physical retrieval of all potential TOIs from areas bkeved to be dangerous, a
process calledemediation. The third phase is a quality control measure in which additional data
are collected in order to judge whether or not the remediation was sucasful.

The focus of this study is on the accuracy of statistical tools used inhe rst phase, but all three
phases are described below to provide context.

Phase 1. Remedial Investigation

The remedial investigation is a thorough study of the site in which all aailable information is

compiled into a conceptual site model. This model will be used tglan and justify the remediation

actions, so it must describe what types of hazards may be present andhere they are likely to

be located. It describes all aspects of the site, including munibns use history, other current and
historical uses, layout, and geology. Such information is used to provie initial estimates of the

number, sizes, and locations of target areas at the site. Any uncertain agrts of the conceptual
site model should be augmented by collecting additional data and perfaning statistical analyses.
This can be an iterative process, where information gained through sampig, such as the density
of background anomalies or or additional details about target area locations, is e to update the

conceptual model. Additional sampling may be needed to answer new @stions as the site model
is updated.

Sections of the site where munitions use is suspected are sampledttwDGM equipment and the
spatial anomaly density is mapped. Systematic transect sampling and ratiom grid sampling are
both frequently used, but transect sampling is more cost-e ective and has been demonstrated via
simulation to be more robust to complex background noise (Pulpisher etl. [2014). VSP may be
used to develop a transect sampling plan (Sectiof 3.2.1) and then to ideify regions with high
anomaly density based on the sample data (Sectiors 3.2.5 and 3.P.6).

Any regions where the spatial density of possible TOI items is much tgher than the density due
to background noise are considered potential TAs unless the elevated dsity can be conclusively
explained by other aspects of the conceptual site model. Some regionsagnalso be considered to
have a high-risk of TOI presence based on prior information. All high-d@sity or high-risk regions are
considered for remediation. Ultimately the remediation cannot proced until the project managers
believe they can successfully clear the most hazardous sections ofetlsite while staying under
budget, so a risk assessment may be needed to prioritize di erémpossible TAs. The end product of




the remedial investigation is a remediation plan de ning the regions © be cleared of possible TOI,
the area and depth that must be dug around each possible TOI item, and tB maximum number
of TOI items that could remain in the remediated regions without posing a risk to future users of
the site.

Phase 2: Remediation

Once the remedial investigation concludes and potential TAs have beerdenti ed, the remediation

occurs. The region selected for remediation undergoes a census ihigh the full area is swept with
metal detectors or DGM devices. All anomalies that are possibly TOI havetheir locations recorded
and are dug up. Several randomly selected anomalies that are not suspedté be TOI should also
be dug to check that the DGM equipment is functioning properly.

Phase 3: Post-Remediation Veri cation

The nal phase provides veri cation that the remediation process successfully cleared the area of
TOI according to criteria de ned during the remedial investigati on. The remediated areas must be
revisited and either a sample survey or another census is performen ensure that no TOI items
remain. In the case of a survey, the sampling units can be either trasects or the locations of
individual anomalies. Transect sampling is typically more cost-e edive than anomaly sampling or
a complete census (Pulsipher et al. 2011). VSP can compute the number of amaly locations or
transects which must be sampled to make a conclusion at a speci ed carence level (Section).

As another check on equipment function, the remediation team seeds geral TOI items at the site
prior to data collection. If transect sampling is used, the seed itens are placed in randomly selected
locations within the transects selected for sampling. Otherwisethe seed items are placed at random
locations throughout the site, and their locations are added to the listof sampled locations before
the list is given to the DGM personnel.

If the anomaly detection equipment detects all the seed items and mls no other TOI items, the
remediation is declared successful and the project leaders make tatement such as \we are 95%
con dent that at least 99% of the area is free of TOI." Otherwise, the remediation is unsuccessful
and the project must return to the remedial investigation phase.

3 Visual Sample Plan

The Visual Sample Plan user's guide describes VSP as \a software tool for keeting the right
number and location of environmental samples or transects so that the mults of statistical tests
performed on the data collected via the sampling plan have the requed con dence for decision
making"(Matzke et al. 2014). It also includes tools for analyzing data colleced from the sampling
plans that it creates. VSP is meant to provide autonomy for project manages who do not have
statistical expertise but need to develop and justify sampling pans.

VSP was originally developed to help project managers implement the Evironmental Protection
Agency's Data Quality Objectives Process, a sequence of seven ptemeant to ensure that envi-



ronmental studies are performed e ciently and e ectively (EPA 600-R -96-055). The rst six steps
involve de ning the inputs, outputs, goals, and scope of the project. The seventh step is to choose
an optimized sampling design based on the needs stated in the previouseps. VSP's sampling
design tools are organized so that users who follow steps 1{6 can enter armation about their
project and then easily compare di erent sampling plans to choose on¢hat meets their needs.

Visual Sample Plan Version 1.0 was released in 2001. Its features are meant forogsatistical

studies where a continuous response, such as the concentration of aechical contaminant, can
be measured at any point of the site; it has no UXO-speci c features and lhie word \ordnance"

does not appear in the user's guide (Davidson et al. 2001). UXO features havbeen gradually
added to subsequent versions, and this expansion of the feature set at least partly motivated

by inappropriate application of VSP's other features to UXO sites (Pulpisher et al.|2014). Visual
Sample Plan Version 7.5, released in early 2016, satis es most or all of the data alysis needs of
a typical UXO cleanup project.

However, Visual Sample Plan has by no means become a solely UXO-orientedfsvare package.
It includes features applicable to many dierent types of projects. To illustrate this diversity,
Section[3.] provides a brief overview of some of the software's capaitigs. Section[3.2 gives more
details about the features that apply speci cally to UXO sites. In Sedion B.3} | discuss the theory
of spatial prediction and the technical details of the implementation in VSP, and Sectiond 3.3 and
describe how VSP interacts with GSLIB (Deutsch and Journe| 1998), dibrary of geostatistical
programs that provide VSP with geostatistical mapping abilities.

3.1 General and Non-UXO Features

The user interface of VSP is built around a graphical display of the site The user can load a
background image, or VSP can download maps or satellite images from MapQuest or @p Street
Map (Figure [I). Detailed maps can be constructed by pointing and clickhg to create polygons
and simple shapes. Maps can also be imported and exported as shape lesigkre [J (left) shows a
map of a site used in the simulation study in Sectior] 4.1)2). For sites whin buildings, rooms may
be drawn and viewed in 3D, including a selection of 3D models of furtmire that can be placed in
rooms (Figure[3, right).

Sections of the map can be de ned asample areas(seen as yellow regions in the gures). Within
one site or building, multiple sample areas can be created. Each sample ea can have its own
sampling plan and be analyzed individually.

The sampling design and data analysis tools appear in the \Sampling Goals" mnu and are grouped
by purpose. There are general tools for estimating means and proportionsand for testing if
the mean or proportion exceeds a threshold. Each of these features caneate a sampling plan,
place samples on the site map, and analyze collected data. Sampling mett® include simple
random sampling, strati ed simple random sampling, systematic grid samping, adaptive cluster
sampling, and others. An example of the \Compare Average to Fixed Threshold"feature appears
in Figure 3| These tools use classical Normal- and-distribution techniques for proportions and
means of Normally distributed responses. The user can also choose robusethods for non-Normal
guantitative data.
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Other features can locate and delineate hot spots of heavy contaminationjse the Mann-Kendall

test to detect trends, or use Kriging to map a variable across the samg@ area. There are tools
meant speci cally for use on radiological sites. The user can manually augnme any sampling plan

by specifying the locations of judgment samples; the help le indides a warning that the feature
is provided \as a convenience and [the developers] cannot be held mnsible for its misuse."

48 Visusl Sample Plan - [samplearea.vsp]
[ File Map Edit Sampling Goals Jools Options Room View Window Help
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Figure 1: The VSP program window shows the site area used for the simul&n study in Section@.
This is a 952.4 acre (roughly 1.4 by 1.1 mile) region situated northwest of Baaman, Montana. A
real geographic location is used only to demonstrate VSP's map feature; theimulated sites are
entirely ctitious.
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Figure 2: VSP allows drawing detailed maps and buildings with a simplepoint-and-click interface,
and can import maps created in other software. The map (left) was importedvia a shape le.The
room (right) was created entirely within VSP.

11



@B True Average vs. Fixed Threshold - X
Averags vs. Fxed Threshold | Sample Placement | Costs | Data Analysi | Anaites |
| [ES ] assume the data wil be nomnally distributed For Help. highlight an tem and press F1

I wart to use. [ordinary ] samping.

These design parameters apply to [analyte 1 ~

Specify Null Hypothesis

Iwant to assume the site s [unacceptable (dirty) | Lnti proven otherwise.
action level

hypothesis that the site is Lnacceptable (true m vel).
The estimated standard deviation due to samping and analytical variabiity s~ MQQ
5 urits,

Minimum Number of Samples for Analyte 1: &

Mirimum Number of Samplesin Survey Unt: 66

oK Cancal ‘ Aoply | Help ‘

Figure 3: The user provides information about the project goals in the \Conpare Average to
Fixed Threshold" dialog box, and then VSP a generates a simple random saphe of locations to
be measured.

3.2 UXO-Speci c features

This section describes the options available for analyzing UXO data, preented in the order in which
they are employed if an analyst uses VSP for an entire project from starto nish. Sections [3.2.1{
[3.2.7 discuss remedial investigation features used for mapping and idéfying target areas. Mapping
may not be applicable to all parts of a site, so Sectiof 3.2|8 describesdtures used for other aspects
of the remedial investigation. Section3.2.p documents VSP's veri caibn sampling plan tools.

Sections[3.2.5 and 3.2]6 introduce VSP's anomaly density mapping featuse with an emphasis on
the interaction between the user and the software. | replicate the nethods used by these features
in my simulation study, so | devote Section3.3 to the theoretical baclground and technical details.

3.2.1 Transect Sampling Plans for Remedial Investigation

At any time during a remedial investigation, if the locations of target areas cannot be precisely
estimated based on the information available, additional sample surveyshould be conducted to
collect more information. VSP constructs systematic plans of evenlyqsaced transects for this
purpose. The transects can run north-south, east-west, or in both diections to form a grid.

If the sample area has not been previously surveyed, the new transescwill cover the entire region.
If data have been loaded from a previous survey, VSP can compute the preaibility that the survey
traversed a target area of a speci ed size, and an option is available to agment the previous survey
by placing new transects in sections of the site that were not sampled

VSP assists the user in selecting the between-transect spacin@ tachieve a certain probability of
detecting a target area of speci ed size and density. In VSPtransect spacingis de ned as the
distance from the right edge of one transect to the left edge of the nextransect to the right. The

12



space between the centerlines of adjacent transects is the spaciqus the transect width. The
width is the footprint of the DGM equipment, and is input by the us er. Figure[4 shows an example
of a parallel transect plan on a sample area that was not previously surveye My simulations use
only parallel transect sampling plans and areas not previously surveyed

3.2.2 Target Area Detection Probability

Visual Sample Plan assists the user in creating a transect sampling pah by displaying a detection

probability curve based on user-input information about a target area and the distribution of

anomalies at the site. The target area is considered detected if at leasine rectangular search
window placed on a transect is found to have a higher anomaly density thn the assumed background
density. VSP computes the detection probabilities using Monte Carb simulation, which relies on

many probabilistic assumptions. The simulation and search window desity computations are

described in detail in Section[3.2.2.11.

The user inputs a detailed description of the prior information. This includes the transect width,
the background anomaly density, the estimated size and anomaly densityabove the background
level) of the target area, and a false negative rate if it known that the equipment fails to detect
a certain proportion of anomalies. The TA is assumed to be circular or elfptical with a random

orientation. The user also species an interval of transect spacings @ar which VSP evaluates
the detection probability. VSP then plots the detection probability curve as a function of transect
spacing and the user clicks a point on the curve to set the spacing fadhe sampling plan. (Figure[5).

4B visual Sample Plan - [samplearea.vsp]
[ File Map Edit Sampling Goals Tools Options Room View Window Help

e e e s s i R R 2 W e

Layer Control %
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=[] B Default Map
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2§ Sample Areas
-8 Default Map
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Figure 4: The VSP window shows a parallel transect sampling plan with 22500t spacing between
6 foot wide transects.
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Note that a TA is \detected" if the sample data provide evidence of its presence; the user must be
aware that having evidence a TA exists is very di erent from producing an accurate map of it. If
the sampling plan will be used for geostatistical mapping, a transect sacing selected to achieve a
speci ed detection probability is, at best, a rough guideline.

& Graph P4
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Figure 5: The VSP program window shows a detection probability curve assming a 1,200 foot by
800 foot elliptical target area. The points on the curve were created by Mote Carlo simulation
based on user-input assumptions about the size of the TA, the background amaly density (100
anomalies per acre), and the TA anomaly density (200 anomalies per acre abovke background
density). The circles show the point estimates for each transectgacing that VSP simulated.

3.2.2.1 Details of the Detection Probability Simulation

Visual Sample Plan computes the detection probability curve using Momte Carlo simulation, where
many realizations of the target area of interest are generated from a spatial @int process, and then
it applies a transect sampling plan to each realization. The software computes the proportion of
realizations where the target area is detected in at least one rectangulasearch window, and uses
that proportion as an estimate of the detection probability. It simulates additional realizations until
the variability in the estimated probability falls below a threshol d (Section[3.2.2.2). It repeats the
simulation process to estimate the detection probability for multiple di erent transect spacings in a
user-speci ed interval, and then ts a smooth curve to the estimates and plots the curve onscreen.

For each realization, VSP simulates a site with one elliptical target area.The target area has the
size and shape speci ed by the user, and is rotated to a random orientabn. The simulated site is
just large enough to contain the target area. To generate background anomalies, \FSuses the user-
speci ed background density and equipment false positive rate to compute the expected number
of background anomalies that would be detected at the site. The software dws the number of
realized background anomalies from a Poisson distribution where the meais the expected number
of detectable background anomalies, and then draws the spatial locations d¢lfiese anomalies from a
bivariate Uniform distribution. VSP then simulates TOI anomalies in a similar manner, using the

input TA size and density to compute the expected number of detetable TOI anomalies, drawing

the number of anomalies from the corresponding Poisson distribution, at generating the anomaly
locations from the user's choice of target area distribution (Uniform or abivariate Normal). If the
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user selects a Uniform distribution, all TOIl anomalies are placed ingde the ellipse. In the Normal
case, the distribution is scaled so that 99% of the TOI anomalies will beriside the ellipse.

The target area is considered detected if at least one rectangular searchindow is found to have
a higher point density than the background density. After simulating the anomaly locations, the
software lays down transects across the site, with the rst transet placed at a random starting
point. It places rectangular windows on the transects; the dimensios of the windows are the
transect width by a window length parameter (Section[3.2.2.8). Multiple overlapping windows are
placed on each transect, with the window centers separated by onexdh of the window length.

For each window, the software uses a hypothesis test to decide if hanomaly density in the window
is higher than the background level. Under the null hypothesis, the mmber of detected anomalies
in the window is assumed to follow a Poisson distribution with a meanequal to the number of
background anomalies expected to be found in the window if the prior iformation entered by the

user is correct. If there is enough evidence at a certain signi canckevel to reject the null hypothesis

for any window, VSP records that the TA was detected for that realization. The signi cance level

cannot be adjusted by the user and is not stated in the documentation.

One transect sampling plan is applied to each realization, but severatli erent sampling plans are
applied to di erent realizations. The software dynamically creates aset of transect spacings to use
for di erent sampling plans. Initially, only the smallest and largest spacings in the user-speci ed
interval are used; additional spacings are added as needed to increaseetmoothness of the esti-
mated detection probability function. For each transect spacing condilered, the sample proportion
of realizations where the target area is detected is the estimate of theetection probability. VSP
uses an undocumented method to t a smooth curve to the estimatedprobabilities and plots the
curve onscreen.

3.2.2.2 Stopping Criteria for the Detection Probability Simulation

Visual Sample Plan uses parameters called thenaximum error and the minimum precision to
decide when to end the simulation. These have default values sehut the user can override the
defaults. Their default values are 0.03 and 0.01, respectively; decreiag the values causes the
simulation to run longer and results in a smoother detection probabilty curve.

VSP uses the maximum error to decide when to stop simulating each trasect spacing. It treats
the set of realizations analyzed with one transect spacing as a random sangfrom the population
of all realizations that could be analyzed using that transect spacing. For ach realization, the
outcome of \TA detected" or \TA not detected" is recorded. If VSP applies transect spacings
to ng realizations, the sample proportion of realizations where the TA is deteted using transect
spacings is ps. VSP computes s

MoE=1:06 PP

Ns

the margin of error of a 95% con dence interval for the true proportion of realizations where the
TA is detected with a spacing of s. It increasesng until the MOE is less than the maximum error.

The software uses the minimum precision to assess whether it shaukimulate additional transect
spacings. Once each transect spacing satis es the maximum error cetion, VSP compares the
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estimated detection probabilities for each pair of consecutive transgt spacings. If the absolute
di erence in the estimated probabilities for a pair of transect spacings is larger than the minimum
precision, it adds an intermediate transect spacing to the simulatbn. The simulation continues
until all transect spacings satisfy the maximum error criterion and all pairs of adjacent of transect
spacings have estimates that di er by less than the minimum precigon.

3.2.2.3 Window Length for the Detection Probability Simulation

The window length could have a substantial impact on the simulated déection probabilities, but
this e ect would be invisible to the user without comparing several window lengths. | investigated
the sensitivity of the detection probability curve to the window length and conclude that the default
length is a reasonable value to use for a 1,200 foot by 800 foot target area (Figui@. | had VSP
generate ten curves for each of seven window lengths: 10%, 20%, 50%, 80%, 90%, 4A8% of the
minor axis, as well as 125% of the major axis. | kept the default values for mimum precision and
maximum error, and set the false negative rate to 0%. | set all other inpus to the same values as
in the Kriging window size experiment (Section[5$). Some curves fothe two largest windows look
very rough; this is an artifact of tting smooth curves to the point est imates. It could be remedied
by increasing the minimum precision, but the other curves appear easonably smooth.

For transect spacings under 200 feet, the detection probabilities areery close to one for all window
sizes. For any window size larger than 200 feet, there is a trend whetthe probability of detecting

the TA decreases as the window size increases. The window lengtb650% to 90% of the minor axis
of the TA yield very similar curves, suggesting that choosing a win@w length in this interval has

little e ect on the outcome of VSP's simulation. Therefore, a window length of 90% of the minor
axis should result in a detection probability curve that is relatively unin uenced by the window

length choice. For the rest of this project, | use this default window length.

Detection Probability Curves for
Seven Window Lengths

1.0 4 — — — _—=
5 o
5 0.9+
(0]
©
O 0.8 1
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2 0.7 1 ' -
E : —— 80 Foot Window 720 Foot Window
< —— 160 Foot Window —— 1,000 Foot Window
S 06| — 400 Foot Window 1,500 Foot Window
o osJ| — 640 Foot Window

I I I I I I |
0 100 200 300 400 500 6(

Transect Spacing in Feet

Figure 6: These detection probability curves for a 1,200 ft by 800 ft ellipical were created using
Monte Carlo simulation within Visual Sample Plan. The target area is assuned to have a Gaussian
distribution and 200 anomalies per acre at the center, and the background desity is assumed to
be 100 anomalies per acre. For each window length, ten curves illustratidne Monte Carlo error.
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Figure 7: VSP calculates target area sizes for 76 mm and 105 mm surface-launchkeigh-explosive
shells.

3.2.3 Target Area Size Calculation

To construct a remedial investigation sampling plan, the user must tave some prior knowledge
of the target area size. Visual Sample Plan provides size estimates baks®n the fragmentation

distance of a speci ed munition type red at a single target. The interface is simple, with a few
types of weapons to choose from and a slider to select the size of the nitions. Figure [7] shows
the output used to inform the TA sizes for the simulated sites desdbed in Section[4.1.

3.2.4 File Formats for Sample Data

Visual Sample Plan uses two types of les for UXO data: course over ground (OG) les and
anomaly les. COG les contain records of the actual path traversed during sampling, represented
as a sequence of waypoints. COG les have columns for the longitudinalnd latitudinal coordinates,
and optionally a column of timestamps. The width of the transect is not cortained in the le, but
is manually entered into VSP. Anomaly les contain the coordinates of all aromalies detected, and
may include a third column for the value of the detector response at tle location. This response
value is currently ignored by VSP. Both types of les are plain text le s with one entry per line
and columns separated by commas or tabs.

Additionally, VSP uses the GeoEAS le format to export observed anomaly dersities for use by
GSLIB. A GeoEAS le is a plain text le with a simple header specifyi ng the number and names
of the variables. The data are output with one observation per line and colinns are separated
by tabs. VSP creates four columns for the longitudinal and latitudinal coordinates of the window
center, the elevation, and the spatial anomaly density. VSP works only intwo dimensions, so all
elevation values are set to zero.
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3.2.5 Flag High-Density Locations

The more basic of Visual Sample Plan's two methods of identifying posbie target areas is to mark
high-density locations along the transects. It does this using citular search windows centered on
the transects to compute a moving average of the anomaly density acrosti¢ sampled portion of the
site. The user speci es a diameter for the windows and a critical @nsity value; regions of the site
where the observed density exceeds the critical value are agged as EiBle target areas. The user
chooses either to use the critical value as a hard threshold, or to te it as the known background
level and have VSP nd areas where the density is \signi cantly greater than background density."
Locations with high density are turned into polygonal regions.

Windows are centered along the centerline of each transect. VSP plasehe rst windows at the
south or west edge of the site. It places subsequent windows farthexlong the transects with the
window centers separated by one-sixth of the window diameter (Figte@). The density in a window

is computed as o _
number of anomalies inside the window

window density = — .
v sampled area inside the window

VSP uses large, overlapping windows to smooth out small-scale variatiom the observed densities.

If the user chooses the \signi cantly greater than background density" option, VSP performs a
hypothesis test for each window. The number of detected anomalies ithe window is assumed to
follow a Poisson distribution; the null hypothesis is that the Poisson mean is equal to the user-
speci ed background density multiplied by the sampled area in thewindow. The signi cance level
defaults to 0.05 but can be changed by the user. VSP marks windows whetée null hypothesis is
rejected (or where the density is above the hard threshold) by plaimg \ ags" on the map at the
window centers (salmon-colored squares in Figurg]|9).

Once windows are agged, VSP delineates the high density regions by ctering square blocks

at the centers of the agged windows. The user species the block ge, which should be large
enough to overlap blocks from adjacent transects so that a cluster of adicent blocks appears as a
contiguous region. VSP encloses overlapping blocks in polygons and ignorasy polygons smaller

than a user-speci ed minimum area.

3.2.5.1 Comments on Statistical Assumptions

Visual Sample Plan's \signi cantly greater than background density" option is statistically prob-
lematic. VSP performs the hypothesis tests as if the windows are inependent, but this is not
the case because the windows overlap. This dependence can be a seuof excess variability in
the observed anomaly counts, known averdispersion which the Poisson distribution does not
account for. This leads to the null hypothesis being rejected too asily.

Furthermore, the default signi cance level is too high for this situation. The signi cance level is the
Type | error rate, or the proportion of tests where the null hypothesis is rejected win it is actually

true. With a signi cance level of 0.05, this means that on average 5% of windes containing only
background anomalies will be agged as possible target areas. One analysis carvatve hundreds of
windows (Figure@, left, shows 807 windows), so a large number of falgmsitives must be expected.
The signi cance level should be lowered to adjust for the large numbeof tests.
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Figure 8: These diagrams illustrate the circular search windows usedor calculating the local
anomaly density. Left: All of these windows are used to analyze data from om sampling plan with
6 foot wide parallel transects and 390 feet of between-transect spacingrhe window diameter is
800 feet. The blue points are the actual window centers generated by VSHRight: This example
shows how the window density is computed. All detected anomalies ithin the circle (red dots) are
counted; the detected anomalies outside the circle (black dots) areghored. The area used in the
computation is the area of the intersection between the transects andhe circle (shaded in grey).

@ Locate and Mark UXO Target Areas Based on Elevated Anomaly Density - x “
Find Target Areas | Data Entry / Plots | Delineate High Density Areas |

& Fiag areas with densiy signficantly > background

" Flag areas with density > critical density
Backgound Density: [100 par [Aee |
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Figure 9. Left: This VSP dialog box is where the user species the widow size and density
threshold. Right: This example shows possible target areas based on 800fonvindows. The small,
salmon-colored ags represent windows where the anomaly density is alve 100 anomalies per acre
at a 0.05 signi cance level. The program created the larger, colored regions arcreated by placing
a square block at the center of each window. The transect spacing is 39@et, so a block size of
400 ensures that blocks placed on adjacent transects can overlap. VSP ates the nal result by
drawing polygons around intersecting blocks.
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3.2.5.2 Window Size for Flagging High-Density Locations

The only guidance the user's guide o ers for choosing a window size ithat the diameter should
be at least as large as the between-transect spacing, but smaller than thassumed diameter of
the target area of interest. The lower bound ensures that the densit estimate undergoes some
minimum amount of smoothing, although it is not apparent why the transect spacing in particular
is a suitable bound. The upper bound is reasonable because windowsathare larger than the
target area will always include lower-density sections outside oflie target area, causing the density
estimate to be too low, and possibly resulting in the failure to déect a target area that truly exists.

These guidelines are only minimally helpful when there is a large derence between the transect
spacing and the assumed target area size. VSP includes a sensitivinalysis tool to help make the
window size decision (Figurg 1IP). This feature compares density estates among several window
diameters. VSP tabulates the total high-density area delineated by eat analysis and presents color-
coded maps showing which parts of the site are marked as possible targateas. This information

can be used to choose a window size and critical value that give an adequaamount of smoothing
and result in identifying a portion of the site that can be remediated or investigated further while

staying within the project's budget.

9 Window Size Sensitivity x

Min Window Diameter: | 400 Window Step: | 200 Steps: |4 -
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Min Density: |50 Density Step: | 10 Steps: |5 -
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Total site density: 99.8573 anomalies [ acre

Window Size Critical Density (anomalies/acre)
(feet) 90 100 110 120 130
400 28.7%/0 [ 23.1% /0 | 18.3% /0 | 16.4% jo | 10.9% /0
500 43.4% /0 | 38.4% /0 [ 26.3% /0 [ 17.6% fo [ 121% /0
800 65.2% /0 | 47.8% /0 [ 31.2% /0 [ 19.3% /0 | 10.8% /0
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Figure 10: VSP's window size sensitivity analysis tool summarizes té detected high-density regions
graphically and in tabular form. The two smallest window diameters (400 ard 600 feet) give the
appearance of the site being covered in small, isolated high-densitggions. In reality these are due
to naturally-occurring random variation. The larger window sizes (800 ard 1,000 feet) tell more
reasonable stories where similar (same-colored) densities are obsedvin adjacent windows. The
user will choose the analysis where the area of the site labeled as higlensity is the most consistent
with the prior information about the extent of the munitions use areas.
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3.2.6 Kriging an Anomaly Density Surface

The more sophisticated of Visual Sample Plan's two methods of identifing target areas is based
on geostatistical mapping of the anomaly density over the site. This metod approximates a
continuous anomaly density surface by Kriging to produce a grid of preétted densities using a
parametric covariance model to incorporate spatial dependency (seee§tion for details about
covariance functions and Kriging). Then, it nds contiguous regions of the site with high predicted

density and delineates them as possible target areas. Kriging is a conmipted process where many
choices must be made, but the software automates it. The user can clickne button to produce a
density map using default settings. This Kriging methodology is theprimary focus of my project.

VSP's Kriging tools analyze the same moving average anomaly densities atié agging feature
(see Sectior| 3.2]5 for details). The most important di erence is that oy windows centered on
transects can be agged, but Kriging predicts the anomaly density in grid cells placed both on and
between transects.

VSP can either predict numerical densities or predict the probabiity that the density in a cell ex-
ceeds a threshold. From the user's perspective, the software iatface is the same whether densities
or probabilities are predicted. | use anomaly density prediction to llustrate the Kriging features.

To get started, the user must load COG and anomaly les, and specify the wndow diameter. Once
these tasks are done, the Kriging process occurs in three steps.h& user can click a \Launch”

button to have VSP automatically do the rst two steps in \Basic Mode,” which uses default
settings. In the rst step, VSP estimates a covariance model from tke observed data and plots a
semivariogram (see Sectiofi 3.3]1 for additional details). In the second ep, ordinary Kriging is

done to construct the anomaly density surface (details in SectioS) The outcome of these
steps is a map of the site, colored by predicted density (Figuré 31).

In the third step, VSP thresholds the density surface and places pglgons on the map to delineate
high-density regions of the site. The software o ers the user two optdns for doing this. Either
(1) a xed threshold for the density is used, or (2) VSP nds regions using an \upper con dence
bound" of the predicted density at each grid cell. The latter feature is new in VSP version 7.5 and
is not yet documented; | will not discuss it further. Typically, the user will examine the anomaly
density map and subjectively decide on a threshold value, as demonsited in Pulpisher et al.
(2014). The software identi es the grid cells where the estimate exaeds the threshold, and draws
polygons around contiguous clusters of cells to mark possible target areas.h& user must specify a
minimum area single delineated region, and any polygons below this areanteshold are discarded
and their grid cells are not included in the identi ed high-density area.

3.2.6.1 Window Size for Kriging

The window diameter acts as a smoothing parameter for the density sdace (Figure[12). A small
window results in a surface with many small hotspots that make it di ¢ ult to discriminate between
a large target area and background noise. On the other hand, a large window cadilsmooth the
surface too much, making target areas appear larger and lower in densityhan they actually are. It
is important to choose a window size that can accurately describe thé&arget areas that are present.
VSP does not include any tools to help the user choose a window sizerfuse in Kriging.

21



riged Estimatg
| canomaiiesiacre)

@ Geostatistical Mapping of Anomaly Density - X

Map Anomaly Densty  Variogram Model | Deta Entry / Plots | Delineate High Densty Aras | 170
160
150
140
130

Semivariogram and Fitted Model

T T T T T 7 T T T
S00 1000 1500 2000 2500 3000 3500 4000 4500 5000
Distance

I Show variance! I™ Show & of pairs
Varogram [1 7!
186
i Vodel [Gaussian =
Range 1272 sl {824 Total Sil: £10

Model

Figure 11: These example Kriging results use 800 foot windows. The traects are 6 feet wide and
spaced 390 feet apart. The site contains a true 1,200 foot by 800 foot target area ithe upper
left and a true 2,000 foot by 900 foot target area in the lower right. Left: VSP's semivariogram
selection window shows an empirical semivariogram as points and a paranrét semivariogram as a
curve. Right: This anomaly density map results from Kriging with the covariance model associated
with the semivariogram curve on the left. The orange, green, and blue polgons enclose sets of
contiguous grid cells with estimated densities above 140 anomalies perrgcand areas above 5 acres.
| chose these values because they are able to separate the highest-siggn (red) elliptical regions
from the relatively disordered-looking background (purple, blue arl green). The blue polygon
correctly delineates the rst TA. The green polygon is at the center of the second TA, but much of
the TA area is outside the polygon. The orange polygon only contains background aise.

(a) 200 foot windows (b) 500 foot windows (c) 900 foot windows (d) 1,200 foot windows

Figure 12: VSP's automated Kriging procedure makes it easy to re-analyze ata with di erent
window sizes. These predicted density surfaces result from g four di erent window diameters
and the same sample data as used in FigwEIll. Larger search windows resultdmoother surfaces.
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3.2.7 Plots of Anomaly Density by Region

Once potential target areas have been delineated within VSP, the usecan view histograms and
boxplots of the window densities by region. The plots are color-codedby region and are helpful
for describing the distributions of the anomaly density, checkingthat the results t the prior
information about background and target area density, and assessing if the aerved anomaly
densities can be approximated by a Normal distribution. Figure[13 show plots corresponding to
the regions seen in Figur¢ 1.
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Figure 13: Visual Sample Plan plots the anomaly density in delineated regios as a histogram or
boxplots. Yellow corresponds to the portion of the site not marked as a pssible target area, and
shows the predicted distribution of the background noise given the rodeling and threshold choices
made by the user.

3.2.8 TOI Rate Estimation and Con rmation that a Site is Clean

The features described in Section 3.2.[[{3.2]7 are used for remedial Estigation of regions where
prior information suggests concentrated munitions use occurred and mantarget of interest items

are expected to be present. For sections of the site where that is ndhe case { regions that were
not used as target areas so TOI would arrive only by accident or after ricochting a long distance,
or regions that were previously remediated { no high anomaly density areasre expected to be
present. Analysis methods for this situation typically use a simpk random sample or systematic
sample of short transects. The goal for regions expected to have few TOlems is to show that the

spatial density of TOls is satisfactorily low by the criteria de ne d for the project.

Visual Sample Plan's \Target of Interest (TOI) rate estimation” tool help s the user decide how
many transects to sample to meet this goal. The user inputs the size dhe transects, the desired
con dence level, and the maximum number of TOI items that would be aceptable in the sample
area. VSP uses a Binomial model for the number of TOI items found duringsampling. The

proportion of the total area covered by the transects is used as the probadlity p of detecting each
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item. The total number of TOI items N is unknown, so VSP elicits prior information from the
user and uses a Bayesian analysis to nd the posterior distribution ofN given the number of
TOls detected during sampling. The \con dence level" is de ned as the posterior probability that
N does not exceed the user-speci ed maximum. The models used by YSlead to closed-form
posterior distributions, so VSP assumes that zero TOI items will beobserved and solves fop. It
then recommends the number of transects of the user-speci ed szthat cover p of the site area.

After sampling, the user can input the number of TOIs that were found. The software uses this
information to nd the posterior quantile corresponding to the con de nce level, and then suggests
a \con dence" statement that can be made about the density TOI items present, treating the

posterior quantile as an upper bound.

The user can choose to use an informative or uninformative prior distdpution for N, or to use
a maximum likelihood analysis instead of a Bayesian analysis. If the ser selects an informative
prior, N follows a Poisson distribution with mean , and follows a Gamma distribution. The
user inputs some additional information about , and VSP selects one of several pre-programmed
shapes for the Gamma distribution and plots the resulting marginal prior distribution of N. If the
user desires an uninformative prior, VSP assumes that all nonnegative tagers are equally likely
values ofN, and no additional options are available. The maximum likelihood option uses the same
model as the uninformative prior option, but includes additional output regarding the probability
of concluding the TOI rate is acceptable when in fact it is higher (analogos to a Type | error rate

if \the TOI rate is acceptable" is considered as a null hypothesis).

Figure[14 shows an example of the TOI rate estimation feature. The \Presmptively Clean Valida-
tion" feature o ers similar functionality, but models the number of small grid cells containing TOIs
rather than modeling the number of TOI items. Analyzing grid cells lets the user state conclusions
in terms of how much area is free of TOls instead of the number or dentsi of TOI items.

@ Target of Interest (TOI) Estimation/Comparison - X

R TOI Estimation | Transect Piacement | Costs | Post Survey Analysi |

I want to estimate the unacceptable tem rate fe.g., MEC/acre) or number of unacceptable tems on my site and show that | am confidert that t is no more than some value:

My sieis [552.3750 aores -

My sampling unit will be a {300 by [6 ffeet | transect

| want to demonstrate with  [39 % corfidence that
€ the tnue rate of Unacceptable tems (e.g., MEC/acre) in the ste ranges from 0ta no more than 0525003 per [acre ~]
¥ the true number of unacceptable ftems in the entie site renges from Dtono morethan |50

I foo | want to use  Bayesian method to account for prier knowledge about the likelinood of unacceptable items.

Iwanttousean  [informed =] prior. {An uninformed prior is equivalent to UXQ Estimator)

I am quite sure (with probabiity >  0.75 }that the maximum number of unacceptable items on this ste is no more than {20

Thereis I chance of having 10 or fewer unacceptable tems than there is of having > 10 unacceptable

You must survey 0 he st (3.4380 acres) by taking approximately 84 transects (300 by 6 feet) and Prior Distribution
have no unacceptable ftems found. f no unecceptable dems are found, your best sstmate of the frue rate

of unacceptable items is 0 per acre and you can be 38% corfident that the tnie unacceptable tem rate is
o largerthan 0.0525002 per acre and thers ars no more than 50 uacesptabls tems on the entire
952.3750 acre ste, assurming your prio information s comect.

¥ any unacoeptable ftem i found, then you cannct cancluds with 3% confidence that the trus rate of
unacaeptable fiems i no larger than 0.0525003 per acre. ¥ unacceptable ftems are encountered. you can
g0 torthe Post-Survey Analysis tab to estimate the Lracceptable fem rete and confidence interval

FASE S
Number of Hems [2.0. MEC]

I~ Log Y-Seale

oK Corcel | sy | Heb ]

Figure 14: The user provides information to help VSP construct a prior dstribution for the number
of TOI items in the area. VSP then recommends a number of transects to & sampled.
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3.2.9 \Verication Sampling Plans

The nal UXO-related feature is used after remediation to assess the gccess of the cleanup. The
project team needs to demonstrate that very few targets of interest emain. VSP usesaccept-on-

zero attribute compliance samplingmethodology to guide the user in constructing a sampling plan.
The user can choose to use either transects or the locations of rematitd anomalies as the sampling
units. If the veri cation sample is collected and no TOI items are found, the team will make a

statement of the form \We are Y % con dent that at least X % of the N possible sampling units do
not contain TOIs" where N is the total number of transects or anomaly locations in the remediated
region that could have been sampled. At this point, the true number ofdetectable anomalies is
known because remediation involves a census of the whole region.

The data from veri cation sampling are used for a hypothesis test. Unde the null hypothesis, the

number of units that contain TOI items in a simple random sample of n units follows a hyperge-

ometric distribution where N 1 % units contain TOL. ﬁ is taken as the probability that no

units in the sample contain TOI, so 1 ﬁ is the Type | error rate. X, Y, N and n have the
approximate relationship

Y 2n | N i)

100 2N N 1 5 +1

presented in Bowen and Bennett (1988x17.2) in the context of using the hypergeometric distri-
bution with data from accept-on-zero sampling plans where the sampiig units are containers of
radioactive material. The total number of sampling units N is known. The user speci es two of
X, Y, and n, and VSP solves for the third. Figure[1% shows an example where the sanipg units
are 300 foot by 6 foot transects. The user wants to be 99% con dent that at leas99% of the area
of the site is free of targets of interest and VSP computes that 454 transestshould be sampled.

& verification Sampling for UXO - x

Transect Verfication Sampiing | Transect Placement | Costs | UTLon PRV

Tota possile rumber of o oveapping 300foct by Sfect 375 —
transects: Ee

Iwant [39 % corfidence that of least 39 % of the transects
eles

of interest (T} identfied).

Jected, surveyed.
sived confidence: 1°*

Figure 15: The user speci es a con dence level and the proportion of traeects that must be free
of targets of interest, and then VSP outputs a sample size.
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3.3 Theory of Spatial Prediction

Visual Sample Plan's Kriging feature computes a moving average anomaly asity at points along
the transects, and uses this moving average density as the responsariable in a spatial linear
model. It constructs a density surface over the entire site by sing the model to predict the moving
average density at unsampled locations. To help clarify the issuesefated to the Kriging analysis
in VSP, this section presents an overview of spatial linear models. &tions[3.3.1{3.3.4 discuss the
technical details in the context of UXO data and describe the default kehavior of VSP's Kriging
procedure.

Linear models extend to the realm of spatial data in the following manne (Schabenberger and
Gotway 2005, x5.1). Suppose the outcome of a process is observed at spatial locatioss :::;sn.

where theith row contains the values at locations;. in general, X may contain linear or polynomial
functions of the spatial coordinates, as well as other covariates colleetl along with the response.
Visual Sample Plan does not include any covariates or functions of the spatl location in X, but
other software can t more complicated models.

The spatial linear model is
Z=X + ,

where is a vector of coe cients and is a multivariate Normal random error vector with mean

0 and variance-covariance matrix . The covariance between two observations depends on the
distance (and possibly direction) between their locations. Theseelationships are described by a
covariance function and a semivariogram, explained further in Sectiof8.3.1.

A single real-world site is one realization of some underlying processin spatial statistics, the

interest is typically in mapping the response across the one realizan by predicting the response at
unobserved locations while using the correlation structure to accont for the relationships between
nearby points. A family of predictors known as Kriging predictors are the best linear unbiased
predictors (BLUPS) under squared-error loss in several situations. Important Kriging predictors
include the simple Kriging predictor (BLUP when X is known), the ordinary Kriging predictor

(BLUP when X is unknown but constant), and the universal Kriging predictor (BLUP i n the

general case wher&X is not spatially and is unknown).

The spatial linear model requires a continuous response variable obsed at xed locations. The
raw data from a UXO site are the random locations of the anomalies, recorded aa list of points.
Visual Sample Plan processes the list of locations into a continuous deity variable. It does this
by computing the observed spatial anomaly densityZ (s;) as a moving average in a circular window
at locations s; on the transects (see Sectioh 3.2/5). VSP does not use any explanatory varial, so
the linear model simply describes variation around the overall mean.The model becomes

Z= 1+ ; N(O; ),

whole site. An anomaly density map is produced by using the model to pedict values of Z(s) at
many new values ofs.

It should be pointed out that the mean density is not the same as the background density because
the higher-density target areas are included when computing the meanlf is considered unknown,
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this super cially looks like an ordinary Kriging problem. However, a fundamental assumption of
ordinary Kriging is second-order stationarity, meaning that the mean is spatially constant and
the covariance between two points depends only on the distance beeen them, not their absolute
locations. The presence of TAs is a violation of stationarity. NonethelessVisual Sample Plan uses
ordinary Kriging and so | follow suit for my simulation. I revisit thes e assumptions in Sectior [7.

3.3.1 Covariance Functions and Semivariograms

In one realization of a spatial process, observations located near each otheend to have similar
values. Thus, an observation at one location depends upon the values obsed at other locations.
Nearby locations are more strongly related than locations that are far apart. Fora second-order
stationary process, thecovariance function C(h) = Cov(Z(s);Z(s+ h)) quanti es the strength
of the spatial relationship between two points separated by a displaa@ent vector h. Under the
assumption of second-order stationarity,s is any arbitrary spatial location. The presentation in
this paper uses some simplifying assumptions; see SchabenbergeidaBotway (2005, Chapter 4)
for a more thorough treatment.

The covariance function is a fundamental probabilistic concept, butin geostatistical applications
it is more common to describe the spatial dependency by thesemivariogram, which measures the
variability of the di erence in response values between a point and s neighbors. Under second-
order stationarity, the semivariogram is de ned as

(h) = %Var(Z(s) Z(s+ h)).

The statistical models used by VSP are both second-order stationary andsotropic, meaning that
covariance between observations at two points does not depend on therdction between the points.
In an isotropic context, the displacement vector can be replaced by tk distance between the points,
called the lag. This assumption makes the semivariogram simple to write out in termsof the
covariance function. For any pair of points that are a lagh = jhj apart, the covariance is denoted
C(h). The semivariogram simpli es to

(h)= c() C(h).

Semivariograms exhibit a characteristic shape where they start at or nar 0, increase, and level o
at or near a value of C(0) = 2. The value 2 is the variance of the response variable, known in
geostatistics as thesill.

Other important quantities for summarizing the structure of the spatial dependency are the range
and the nugget. Therange is the lag beyond which points are uncorrelated, so thatC(h) = 0
and (h)= 2forh> . In situations where the semivariogram approaches the sill asymptoticdy,

instead represents thepractical range where the semivariogram becomes approximately equal to
the sill. A common de nition of the practical range is the lag where the mivariogram reaches
95% of the sill ( () 0:95 2).

The nuggetcy is a constant that is added to the semivariogram to represent small-scalvariation or
measurement error. The canonical example of a nugget arises when mappingneral concentration
across a large region. The statistical model captures general trends inoacentration, but nearby
observations are not perfectly correlated. One location can contain a nuggef highly concentrated
ore, but another location just a few inches away may have a much loweobserved concentration.
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3.3.1.1 The Empirical Semivariogram

A considerable amount of theory has been developed for both estimating anchodeling covariance
functions and semivariograms. The technigues used by Visual Sample &h originate in geostatistics
and emphasize the semivariogram over the covariance function, so theest of this section centers
around semivariogram estimation.

The classical semivariogram estimator is known as thélatheron estimator or empirical semivari-
ogram. It has the form X

b(h) =

2
ERCTINCCD

J)2L(h)
with the lag classL (h) de ned as the set of distinct pairs of indices such that locationss; and s;
are separated by a lag ofh. Usually, lags are binned because there may be only a small number
of locations that are a given distance apart. In that case,L (h) is de ned to include all pairs with
lags in the interval [h  ;h + ), and the semivariogram is estimated only for a nite set of lags.
Estimated semivariograms can be heavily in uenced by the binning, specially when some bins
include few pairs. Schabenberger and Gotway suggest choosingo that each bin includes at least
30 pairs.

3.3.1.2 Parametric Models for the Semivariogram

Spatial statistical models require covariances to be de ned for anydg h 0, not just for the

distances between the observed locations, so a functional form mudie specied for the covari-
ance. Many common models are parameterized to include the range, sil§nd nugget, and these
parameters are estimated from the data. Any covariance function model haan associated semivar-
iogram. Visual Sample Plan allows the user to inspect semivariograms; theovariance functions are

Parametric Semivariograms

o

— -

o _|
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> K p
Dl Ry —— Spherical
~ ! ' --- Exponential
1w Gaussian
---- Power

o —
| | | T T T
0 2 4 6 8 10

Figure 16: These semivariograms result from di erent parametric modes$ for the covariance func-
tion. Each has a nugget ofcy = 1. The spherical, exponential, and Gaussian models have? = 9
and =8. The power model has =4:5and! =0:3.
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hidden behind the scenes. The covariance models supported by VWial Sample plan are the spher-
ical, exponential, and Gaussian models, As implemented in GSLIB (Detsch and Journel 1998),
and including a nugget, they have the following semivariograms. Figue [18 illustrates example
semivariograms for the four di erent models.

The spherical semivariogram is

(
o+ 2 15" 05 0% phce

(h) = Gt 2 H

In this model, is the true range.

The exponential semivariogram is

2 1 exp sh

(h)=c+
Here, is the practical range, where ( ) 0:95 2,

The Gaussian semivariogram is

( a )
2 1 exp =

(h)=c+
In this case, is the practical range, with ( ) 0:99 2.

Finally, the power semivariogram has the form
(h)=co+ h'

where 0< ! < 2. The parameters and! are not easily interpretable, but the power model is
exible in that its semivariogram takes on a variety of di erent shapes for di erent ! values. It can
be useful for describing spatial processes where the range is largbian any of the observed lags.

3.3.1.3 Theory of Fitting Parametric Semivariogram Models

In the past, geostatisticians traditionally t parametric semivariogram m odels by trial and error,
plotting curves with di erent parameter values over the empiric al semivariogram values until a curve
was judged to t the points adequately. Nonlinear least squares methodgor tting semivariograms
gained popularity as computing power increased in the 1980s and 1990s. Now, morepisticated
Bayesian and maximum likelihood methods are available for estimatig covariance parameters. If a

maximum likelihood (REML) estimators for covariance parameters can bederived. Estimates can
be computed numerically using all of the observed data.

However, much of the developed theory regarding the properties of théeast squares and maximum
likelihood estimators assumes the spatial process is a Gaussian ramd eld, so the observed data

that Schabenberger and Gotway insist is rarely met in reality. In many research elds, it is still
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common practice to use least squares to t a parametric semivariogram fuation to the empirical

semivariogram without stating any particular distribution for the origin al observations. The co-
variance function is constructed from the parameter estimates and the treated as if it were the
truth, so the resulting Kriging predictions fail to account for the uncertainty associated with the
covariance parameter estimates.

The least squares approach with the most theoretical justi cation is gereralized least squares (GLS),
which accounts for the correlation between values of the empirical seivariogram at di erent lags.
Schabenberger and Gotway discuss GLS estimation; the expression fdrd correlation is complicated
and GLS is infrequently used in practice.

Weighted least squares (WLS) ignores the correlations but is much eagi¢o implement than GLS.
Cressie (1985) proposes the approximation

2 (h; )?
Var(b(h)) L
which leads to the weighted sum of squares
1 R N ()) N
Var(b(h)) (b(h)  (h; ) h m(b(h) (h; )
X jL(i b ?

= 1
L2 ()

The vector of parameters is estimated by minimizing the above expression, which is easilgone
numerically.

A further simpli cation is to ignore the variance weight and use ordinary least squares (OLS),
which is also extremely easy to implement. Schabenberger and Gotwansist that OLS and WLS

are generally poor approximations of GLS because the empirical semivariogm values are strongly
correlated. Simulation studies (Zimmerman and Zimmerman 1991) suggest, aeast for Gaussian
random elds, that ML, REML, WLS, and OLS perform similarly well at estimat ing covariance
parameters for Kriging.

3.3.2 Semivariograms in VSP and GSLIB

Visual Sample Plan relies on GSLIB to compute empirical semivariograms. SLIB is a collection
of open source geostatistics computer programs written in FORTRAN by faclty and graduate
students at Stanford University. Development of GSLIB began around 1980 (Datsch and Journel
1998). It was originally written in FORTRAN 77, but has been updated to FORTR AN 90 and
is now available in 32-bit and 64-bit versions for Windows, Mac OS X, and Linx (Deutsch and
Schnetzler| 2003).

GAMV is the GSLIB routine that estimates empirical semivariograms. VSP creates a con guration
le which tells GAMV how to set up the binning of the lags. This le s peci es a lag separationX|ag,
a lag tolerancex, and a number of lagsnj,g. GAMV reads the le and then outputs the empirical

a distance in the interval [kXjag  Xto1; KXjag + Xto1) @re used to estimate the semivariogram at thekt

30



lag. Visual Sample Plan uses one-sixth of the window diameter as the lag paration, one-twelfth
of the window diameter as the lag tolerance, and requests 36 lags. GAMV o er additional features
for dealing with anisotropy and for working with points in three-dimen sional space, but VSP does
not make use of these.

For large windows, the 38" lag may be larger than the maximum possible distance at the site. In
this case, GAMV only estimates the semivariogram for lag classes that contai at least one pair

of points. It does not return any values for lags larger than the site. Emprical semivariograms

computed using VSP's default settings may include unreliable vales for larger lags where few data
are available.

Visual Sample Plan estimates covariance parameters itself based on thengirical semivariogram
output from GAMV. VSP considers spherical, exponential, Gaussian, and pwer models; it au-
tomatically selects the \best tting" of these, but the documentati on does not explain how it
estimates the parameters or how it compares the di erent models. | ave not been able to exactly
replicate VSP's estimates, but its estimator behaves similarly toCressie's WLS estimator. In par-
ticular, parametric semivariograms chosen by VSP match the empirical saivariogram closely for
small lags and are relatively unin uenced by extreme values of the emipical semivariogram for
large lags.

3.3.3 Ordinary Kriging

Kriging uses a linear function of the observed data to produce estimtes and predicted values by
interpolating between the observed values. The model assumed by $iial Sample Plan is

Z= 1+ ; N(O; )

Kriging assumes the mean is unknown but spatially constant and that Cov(Z(si);Z(sj)) =
C(jsi sjj) depends only on the distance betweers; and s;. For a point s, the predicted anomaly
density is

Z(s)= b+ © Y@z 1b)

where = (C(js sij);::::C(is snj))and b= 1 1 110 17 The predictor is derived by

using Lagrange multipliers to minimize the squared-error loss fundbn (Schabenberger and Gotway
2005, x5.2). The variance of this predictor is

1 10 1 2
(9=cO)  ° t g
known as the Kriging variance.

Note that the predicted value of Z(s) at an observed points will always equal the observed value of
Z(s). That is, Kriging preserves the observed anomaly densities. The rgdicted anomaly densities
at unobserved locations are found by interpolating between the movig average densities at observed
locations. Kriging produces a continuous density surface, but do® not do any smoothing in the
sense of removing local variability from the observed anomaly densiéis. Smoothing comes from
computing the observed densities in windows, and the amount of smobtng is controlled by the
window size.
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3.3.4 Kiriging in VSP and GSLIB

Visual Sample Plan sets up a grid over which the anomaly density surfaces constructed. The grid
cells are squares with side lengths of one-sixth of the window diamet. VSP uses the ordinary
Kriging functionality of GSLIB to predict the anomaly density at the ce nter of each cell.

GSLIB's Kriging routine is called KT3D. VSP outputs a con guration le th at speci es the form
and parameters of the covariance function and instructs KT3D on how to seup the grid of locations
where the anomaly density will be predicted. The grid is de ned by setting values for the numbers
of cells in the longitudinal and latitudinal directions ( ny and ny), the sizes of the cells in each
direction (Xsize and ysize), and the coordinates of the center of southwesternmost cell in the gd
(Xmin and Ymin ). VSP setsXsjze and Ysize 1o one-sixth of the window diameter. Xmin and ynin are set
so that the edges of the grid will pass through most southern and westerngints of the site. Then
it choosesny and ny so that the grid will cover the whole site. KT3D then predicts the anomaly
density at the center of each grid cell, and VSP reads the KT3D output and pots the predicted
values as a heatmap.

KT3D uses only the observations in a local neighborhood to compute predted values; this is a relic
from a time when limited computer memory and processor speed made sl compromises necessary.
The neighborhood can be de ned to include the entire site, but VSPs default settings inexplicably
limits the neighborhood to the nearest 50 points. My simulations inwlve moving average densities
computed at hundreds of locations within each realization of a site, so K3D makes each prediction
in ignorance of much of the available information.

KT3D includes many other features that VSP does not use. Some interegig examples include
anisotropic covariance models, Kriging in three dimensions, an automad leave-one-out cross val-
idation function, and the ability to compute the prediction error at poi nts in a user-specied

validation set for jackknife resampling. The cross-validation and jackknfe features could be useful
in selecting a search window size (Section 7.1).

4 Simulation Methods

The main component of this project is a simulation study to investigate how decisions made in
constructing a sampling plan in uence the possible target areas idethed after Kriging by Visual
Sample Plan's methods. | de ne three hypothetical sites to provie a realistic context for comparing
the performance of the VSP-style analysis across di erent situations.

The conceptual models of the sites specify the prior information avdable when creating the sam-

pling plan, and also de ne the \truth" that the results of the analysis are compared to. Sectionj 4./1
describes the sites. Realizations of the anomaly locations at the sitegre generated from spatial

Poisson processes. These processes generate events at discmtations and thus have an entirely

di erent character from the continuous response variable assumed byhe models described in Sec-
tion B.3} the reader can consult Section 4J2 for a primer on the theory of spal Poisson processes.
| generate 3,000 realizations of each site so | have a large pool available to apzé.

| use sampling plans recommended by VSP based on the prior information ithe conceptual site
models; Section] 4.B gives the details of how | create the sampling plarand implement them on
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the simulated sites. Then | perform spatial prediction and delineak possible target areas using
methods meant to mimic those used by VSP. There are a few aspects of V&Panalysis that |
either cannot reproduce or consider necessary to modify for simulan purposes, so Sectiof 4]4
explains my prediction and delineation procedure and points out the derences from the VSP
procedure. Sectior] 4.4 4 explains how the results of the analysis asammarized. Results from my
analysis are presented in Sections|5 ard 6.

| use the R software, version 3.2.3 (R Core Team 2015), and thepatstat package (Baddeley,
Rubak, and Turner 2015; Baddeley and Turner 2005) to automate the simulation, sarpling, and

analysis. For consistency with VSP, | use GSLIB (Deutsch and Journel 1998jo compute empirical
semivariograms and Kriging predictions. The R code is provided in Apgndix [A] The simulation

takes roughly 220 hours to run on a Lenovo Thinkpad SL410.

4.1 Descriptions of Simulated Sites

The sites vary in complexity and are designated aseasy medium, and hard according to the
intended di culty of accurately identifying the true target areas. All sites have the same shape, an
approximately 7,400 ft by 5,600 ft quadrilateral (952.4 acres). | use the North Anerican Datum
1983 Montana State Plane Cartesian coordinate system and give the sites a geaghic location
near Bozeman, Montana. For a site of this size, the Earth's curvature has anegligible e ect on
distance and area measurements, so | use Euclidean distances meaguin U.S. Survey Feet. A
real coordinate system is not necessary for the simulation, but adds edism when working in VSP.

All three sites have a background anomaly density of 100 anomalies per acre, drthis value is
considered known. At the easy site, the background anomalies come from a homogeneous process.
The medium and hard sites have more complicated background processes that could make it rmeor
di cult to distinguish between the TAs and the background noise.

Each site has two known TAs of di erent sizes. Themedium and hard sites have a third unknown
target area of an intermediate size. The target areas are circular or elliptal, and all have an
anomaly density at the center of 200 anomalies per acre above the backgroundvid. The density
decreases away from the center of the TA. | de ne the \true" TA region as the ellipse that contains
99% of the target area anomalies lying along any cross-section going through themter of the TA.

4.1.1 Conceptual Model of the Easy Site

The easy site is meant to represent the best possible scenario, where thertrain is easy to traverse
and the background process is simple. The terrain is open grassland ancsgly accessible for a
vehicle-towed DGM array with a six-foot-wide footprint. The site now part of a wildlife refuge.

Recreational activities are prohibited so the area sees little humarctivity, and thus the background

anomalies are mostly due to iron in the soil and rocks. Some preliminarywsveys were performed
nearby to calibrate the DGM equipment. From these data, it appears reasnable to assume that
the background anomalies are homogeneously distributed with a density acf00 anomalies per acre.

In the 1940s, the site was used by the U.S. Army to train tank crews. 76 mm g#lls were red from
a single ring point in the center into two target areas. A single target in the northeastern corner
resulted in a 1,200 ft diameter by 800 ft diameter elliptical target area (TA1). To the south, several
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targets in a straight line resulted in a 2,000 ft diameter by 900 ft diamete target area (TA2). At
their centers, both TAs have anomaly densities of 200 anomalies per acre ab®the background.

Retired Army personnel have provided reliable eyewitness accous of the training activities, so the
sizes of the target areas are known but the precise locations are not. Bas®n the level of site use
described in these accounts, the anomaly density in the target areas isxpected to be anywhere
from 100 to 400 anomalies per acre above the background level.
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Figure 17: The easy site contains two target areas and homogeneous background anoieal The
target areas are designated TA1 and TA2. The axes on the plot are marked in feet.

4.1.2 Conceptual Model of the Medium Site

The medium site is meant to represent a realistic scenario. The terrain is acasible and the
background has some debris from human activity. Not all details of the target aeas are known.
It is in a wilderness area, now part of a National Forest, and is bordered bya mountain range to
the north. The environment at the site consists of foothills and thin forest. Any transect would be
accessible to a DGM array with a six-foot-wide footprint towed by an ATV.

The site sees moderate human activity. There is a city of 50,000 peopletthe south, and a lake to
the west. The lake is a popular weekend recreation destination. A twdane highway runs through

the site, connecting the city to the lake. A dirt re road runs from t he center of the site to the
west, and is used to access trails for hiking, mountain-biking, and crascountry skiing. Background

anomalies are from iron in soil and rocks, metallic debris along roads, and casional metallic debris
elsewhere. Equipment tests along the roads have shown that anomaligsthe 50 ft wide path along

each road have a homogeneous distribution with a density of 200 anomalies pacre. Another UXO

cleanup occurred several miles away at a site with similar geology, vére the background was found
to be homogeneous with 100 anomalies per acre. Several randomly-selecteddtions at this site

were used for equipment calibration; data collected during these aivities suggest that both sites

have the same distribution of background anomalies.

This site was used during the Second World War for tank and artillery training activities. 76
mm tank shells were red from two ring points near the west end of the dirt road. Shots from
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the northern ring point were red at targets to the north, against the m ountains, into a 1,000
ft diameter by 600 ft diameter elliptical target area (T1). Shots from the southern ring point
were red into an 800 ft diameter circular TA to the southwest (T2). 105 mm artillery shells were
red from a single ring point in the center of the site at several targets in a 1,500 ft diameter
circular TA in the northeastern section of the site (A). Visible impact craters make the locations
and approximate sizes of T1 and A known, but it is of interest to more precisely map the regions
that may contain munitions items. The existence of T2 is suspecteddue to spent shell casings
found at the ring point, but the impact points are now obscured by vegetation so the size and
location of the target area are unknown. The anomaly density in the TAs is unknown, but several
munitions experts have reckoned the density to be 100, 200, or 400 anomaliegmacre above the
background level.

4.1.3 Conceptual Model of the Hard Site

The hard site provides an example of complicated background noise where the assption of
homogeneity does not hold. It has the same layout as the medium site, wlitthe same military use
history and the same prior information available about the munitions use.

The site is a popular hunting and camping area, so background anomalies oacin clusters around
camps. The mean background density is 100 anomalies per acre. A ranch océep the eastern
portion of the site. The ranch includes an 800 ft square eld used for growng feed (R). The
eld contains metallic debris from farm equipment, and a corner of the eld overlaps the artillery
target area. Anomalies from farming activities and vehicles traveling onthe roads are distributed
homogeneously, with 100 anomalies per acre. These anomalies occur in additi to the those
generated by the cluster process, which covers the entirety othe site.
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Figure 18: The medium (left) and hard (right) sites have two known target areas (T1 and A) and

one unknown target area (T2), as well as a road that has elevated anomaly dengit Homogeneously
distributed background anomalies cover themedium site, while background anomalies at thehard

site occur in clusters. Thehard site contains an additional high density region due to a ranch (R)
which overlaps target area A.
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4.2 Spatial Poisson Processes

Anomalies occur at distinct locations throughout the site and can be modked as the outcome of a
spatial Poisson processwhich is a random set of points in a two-dimensional space (Schabenbgr
and Gotway 2005, x3.1). A spatial Poisson process is characterized by amtensity function (s)
which describes the density (points per unit area) at a Ioca'gi‘,ons = (X;y). The number of points
in a region A has a Poisson distribution with mean (A) = , (s)ds. Poisson processes fall into
two main categories: homogeneous and inhomogeneous.

When Visual Sample Plan calculates the probability that an observed winaw density is higher than
the background level and a target area is detected (Section 3.2.2), it asswes background anomalies
come from ahomogeneoudPoisson process where the intensity function is constant, (s) = , for all

s. The mean number of points inA is simply (A) = area(A). The locations of the points are
uniformly distributed, a property called complete spatial randomness| use a homogeneous process
to generate background anomaly locations at theeasy and medium sites. Anomalies from the road
at the medium and hard sites and from the ranch at the hard site also come from homogeneous
processes.

For an inhomogeneousPoisson process, (S) is not constant. Some regions have higher intensity
than others. A bell-shaped or Gaussian intensity function,

@ e S5 0 s )

concentrates points around a center . Spatial point density decays when moving away from the
center, and the locations of the resulting points follow a Bivariate Nomal distribution with mean

and variance-covariance matrix . | use Gaussian intensity functions to simulate the locations
of the TOI anomalies.

Clustered points can be produced by a two-stage Poisson process, whecluster centers are the
realization of one Poisson process and then child processes generatergs around each center. To
create a layer of clustered background anomalies at théard site, | generate cluster centers from
a homogeneous process with an intensity of two centers per acre, anddh generate the anomaly
locations from processes that have an average of 50 anomalies with a Gaussiatensity around
each center, so the overall background anomaly density is around 100 anomadi@er acre.

A complicated UXO site can be modeled as the amalgamation of several process Each process
generates anomalies for a speci ¢ aspect of the site, such as background s®j or a target area, or
a road. The simulation could be made more realistic by modeling the phygical processes that bring
metallic items to their resting places at the site, but | use spatial Poisson processes for simplicity.
The R packagespatstat (Baddeley, Rubak, and Turner|2015; Baddeley and Turner 2005) includes
functions to simulate many homogeneous, inhomogeneous, and clusteredatial Poisson processes
in regions of any shape or size. Figuré 19 shows some example realizations pét&al Poisson
processes simulated withspatstat to illustrate the building blocks that turn the conceptual site
models into realizations of the sites.
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Figure 19: These example realizations on a one-unit square demonstrate serof the patterns that
can arise from spatial Poisson processes. Plot (f) shows how a homogenedakground process
and an inhomogeneous foreground process can combine to produce a regionhwélevated point
density, which is how | simulate target areas. | simulate the backgroun noise at the hard site using
a cluster process similar to the one that generated Plot (i).
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4.3 Transect Sampling Plans from the Conceptual Site Models

To see how prior information a ects the sampling plan and subsequent dlineation results, | vary
two aspects of the conceptual site model (assumed target area size andsamed target area density)
and constructing sampling plans for each site, holding all other samplig plan inputs constant.

The sampling plans are based on four assumed target area sizes. For eaclesitwo of these sizes
are the true sizes of the two known target areas. | also use a small sizhdt has half the area of the

smallest true TA, and a large size that has twice the area of the largest tre TA. The assumed target

area anomaly density values | use are the true value (200 anomalies per acre@te background),

as well as half the true value and twice the true value. Because | createampling plans based on
the true values, as well as sizes that are too small and too large, the relts of delineation can be

used to asses the importance of accurate prior information.

Visual Sample Plan’s detection probability feature (Section[3.2.2) guids the sampling design. |
select six-foot-wide parallel transects running north to south, am choose the transect spacing that
detects a target area of the assumed size with probability 0.99 as reporteby VSP, given the other

input values. For the assumed background density, the known value of 10@nomalies per acre is
used. A Normal distribution is assumed for the TA anomaly locations, and | kave the maximum
error and minimum precision at their default values. | will assume the detection equipment works
perfectly, so the false negative rate is set to 0%. The resulting dection probability curves for

the easy site appear in Figure[20, and the detection probability curves for themedium and hard

sites appear in Figurg 2. For a given transect spacing, the reported det¢ion probability increases
when either the assumed TA size or the assumed TA density are incesed. This is unsurprising
because more transects can pass through a larger target area, providing moogportunities for the

TA to be detected, and a higher anomaly density inside a target area make high moving average
densities more likely to be observed.

The transect spacings for each site are presented in Tablgg 1 ari]d 2. The YSecommended
transect spacing increases with both increasing assumed TA size amcreasing assumed TA density.
Sampling plans for the medium and hard sites cover a wider range of transect spacings than the
plans for the easy site because the assumed TA sizes for thenedium and hard sites are more
variable. Note that the largest transect spacing for themedium and hard sites (1,145 feet) is larger
than the size of the smallest true target area (T1, 1,000 feet by 600 feet),cstransects from this
plan could fail to cross any part of T1.

I implement each sampling plan on each realization of the site by randomlyhoosing the horizontal
position of the rst transect, and then placing additional transects separated by the transect spacing
plus the width of the detection equipment. A rectangular spatstat window object is centered over
each transect, and all anomalies within the rectangles are considered téeted. The locations of
these anomalies are saved as the sample data. | place circular windows atpthe transects as
described in Sectior{ 3.25, and then save the moving average densilues in a GeoEAS le.
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Figure 20: Visual Sample Plan created these detection probability curve by Monte Carlo simula-
tion, based on di erent assumptions about the target area size and densjt at the easy site. These
curves were used to choose the transect spacings for the samplingaps.

Assumed Anomaly Density Above Background
Assumed Target Area Size 100 per acre 200 per acre 400 per acre
Small (849 ft by 566 ft, 8.66 acres) 40 ft 100 ft 220 ft
TA1 (1,200 ft by 800 ft, 17.3 acres) 125 ft 225 ft 465 ft
TA2 (2,000 ft by 900 ft, 32.4 acres) 170 ft 390 ft 655 ft
Large (2,828 ft by 1,273 ft, 64.9 acres) 270 ft 565 ft 935 ft

Table 1: These Transect spacings for thesasy site are recommended by VSP to traverse and detect
a target area of each size in 99% of samples, given the speci ed assumptioabout the anomaly
density above background at the center of the target area.
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Figure 21: Visual Sample Plan created these detection probability curve by Monte Carlo simu-
lation, based on di erent assumptions about the target area size and dengi at the medium and
hard sites. These curves were used to choose the transect spacings fhe tsampling plans.

Assumed Anomaly Density Above Background
Assumed Target Area Size 100 per acre 200 per acre 400 per acre
Small (707 ft by 424 ft, 5.40 acres) 30 ft 65 ft 130 ft
T1 (1,000 ft by 600 ft, 10.8 acres) 70 ft 135 ft 315 ft
A (1,500 ft by 1,500 ft, 40.6 acres) 175 ft 400 ft 785 ft
Large (2,121 ft by 2,121 ft, 81.1 acres) 320 ft 780 ft 1,145 ft

Table 2: These Transect spacings for themedium and hard sites are recommended by VSP to
traverse and detect a target area of each size in 99% of samples, given thegesi ed assumptions
about the anomaly density above background at the center of the target area.
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4.4 Kriging and Delineation

| recreate Visual Sample Plan's automated Kriging and delineation featurs (Section[3.2.6) in R (R
Core Team|2015) andspatstat . Compared to VSP, R makes it much easier to repeat the same
analysis on many sets of simulated sample data. Slight di erences in theesults are expected due
to di erences in programming. | kept my methods consistent with VSP as much as possible, but |
considered it necessary to modify some aspects of the analysis to makatomation more practical.
These changes are acceptable because the main interest is in the iripuwsed to create the sampling
plan. My analysis does not produce exactly the same delineated regioras the VSP analysis, but
since | analyze the sample data from each sampling plan in the same wayha&nges in the sampling
plan should a ect my results in the same way they would a ect VSP results. For example, my
analysis tends to delineate more total area than a VSP analysis would, butfincreasing the assumed
TA size causes my total delineated area to increase, we can assume theaage is due to the change
in prior information and that increasing the assumed TA size would also ncrease the total area
delineated by the VSP analysis. Section§ 4.4]1{4.4]3 describe my impleentation of the Kriging
and delineation procedure and point out the di erences from the VSP anaysis.

4.4.1 Estimating Covariance Parameters and Computing Kriging Predict ions

In an attempt to preserve some consistency with VSP, | also use GSLIBd compute empirical
semivariograms and Kriging predictions. The VSP installation includesa 32-bit version of GSLIB
(which contains GAMV version 2.000 and KT3D version 2.000). However, some of myasnpling
plans result in sample datasets that are larger than what this version of GEIB can process. Instead,
| use the most recent 64-bit version, which includes GAMV version 2.90%nd KT3D version 2.907.
| have no problems running the newer versions and they produce #same results for datasets where
both versions run. | set up the GAMV con guration le in the same manner as VSP (Section[3.3.2).

The VSP documentation does not explain how VSP estimates covariance pameters, but | get
similar estimates using Cressie's weighted least squares methd@ressie 1985). The optim function
in R uses the L-BFGS-B algorithm (Byrd et al. 1995) to nd the parameter valu es that minimize
the weighted sum of squared errors. | t spherical, exponential, Gausian, and power models to
the empirical semivariogram and select the model with the lowest wighted sum of squared errors.
After selecting a parametric covariance function, | use KT3D to compue Kriging predictions over
a grid in the same way that VSP does (Sectiorj 3.314).

4.4.2 Thresholding the Predicted Densities

There is little guidance available regarding the choice of density theshold value for identifying the
high-density regions, so in practice the choice involves some sulgjvity. An automated simulation
requires a rule that applies to all realizations, but | would not exped a subjective choice to result in
consistent performance across di erent realizations. Some obvious sting points for an objective
choice would be the true background density (if known) or the estimae of the mean density.
However, sampling variability makes both of these poor choices for thehireshold. Some search
windows will naturally contain few anomalies and give low observed derity values, while other
windows that contain only background anomalies will include more anomaliesand give observed
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densities above the true overall background density. Thus, a large qrt of the site is erroneously
delineated. If most of the site contains only background anomalies, the ¢isnated mean will be close
to the true background density and cause the same issue. A better deston rule should account
for the natural variability in the observed density values. Future work should look into methods of
thresholding the predicted densities based on information containg in the cenceptuak site model
and sound statistical assumptions.

My goal for this project is not to nd an ideal threshold, but a threshold that always results in

most of the site being delineated is unsuitable because it would masthe e ects of the sampling

plan inputs. | take inspiration from the target area agging feature in VSP ( Section[3.2.5), which
provides the option of using a hypothesis test to decide if the desity at an observed location is
high enough that the location is part of a possible target area. | do not claim ttat this is a good

approach to use, but it accounts for the variability in the moving average densities and allows the
simulation to proceed.

For each grid cell, | conduct a hypothesis test. Under the null hypothesis, the predicted density
in the grid cell comes from a Normal distribution with a mean equal to the background density
(which my site models state as known) and variance equal to the Krigig variance. If

. . . P—— .
predicted density > background density + 1:645 Kriging variance

the null hypothesis is rejected at a level of 0.05 and then the grid célis identi ed as possibly
belonging to a target area.

When working with real data, the normality assumption could be tenuous. The user should always
examine VSP's histogram of the observed moving average densities and caon that it has a
bell-shape before using Normal distribution procedures. If the hdtogram does resemble a Normal
distribution, there typically will be enough observed density values that t-distribution procedures
are not needed.

This method of identifying high-density grid cells is used to eiminate the need for subjective human
input while the simulation runs. It is not entirely sensible when searching for UXO at a real site
because a larger Kriging variance makes a cell less likely to be markems a possible TA than if
the prediction had a smaller Kriging variance. In reality, it is would be preferable to construct
a rule where greater prediction uncertainty makes a location more likly to be considered a TA.
My decision rule also tends to result in delineating more area than would deem necessary from
subjective examination of the density map (Figure).

4.4.3 Delineating the High-Density Regions

The nal di erence between the Visual Sample Plan analysis and the mehods | use in the simulation
is how the high-density grid cells are combined into regions. VSP dnas polygons around clusters
of connected cells, giving its delineated regions a smooth appearancéhe documentation does not
describe the algorithm used to create the polygons, but it appears to camect the corners of cells
that extrude from the cluster. It forces some regions to be convex byricluding lower-density cells,
while other regions are allowed to be non-convex. It is also able to mergegearby regions into larger
regions.
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Any attempt | make to reproduce VSP's polygons would require some arbitary decisions about how
to connect corners and merge regions. Instead, | simply nd clustersf connected cells and use their
edges as the delineation. This yields minor di erences in the area ahnumber of anomalies included
in the delineated regions, but both methods give essentially the sam regions since they both
contain all the cells identi ed as high-density. My delineated regions appear pixelated compared
to the regions produced by VSP, and my results will also include largenumbers of small regions.
Figure [27 illustrates the typical di erences.

4.4.4 Summarizing Results

The ultimate goal of target area delineation is to nd the targets of interest, so | compare the
results primarily through the proportion of TOI items that lie within  delineated regions, called the
detection rate. Other informative summary variables are the proportion of the TA area cortained in

the delineated regions, the area and number of delineated regions, th@oportion of the delineated

area that is not actually part of a target area (called the false positive proportion), and the distance
of each undetected TOI item to the nearest delineated region (theerror distance).

This project is exploratory in nature, and conclusions from my simulaton are best used as starting
points for future investigations. For that reason, | forego formal statistical inference and instead
present the results graphically. | analyze many realizations with eaclsampling plan, and therefore
histograms provide informative displays of the distributions of the summary values. | use these
plots throughout the paper to compare results among the sampling plans.

Figure 22: The left and center images show the anomaly density maps proded by the VSP
analysis and my analysis from the same sample data. Both maps are thresholded 140 anomalies
per acre, a value which | judged to do well at separating the background oise from the highest-
density regions. The delineated regions contain nearly the same grid g in both cases. The
disagreements about which cells are high-density are most likely dug slight di erences in how
VSP and spatstat compute the moving average window densities. The image on the rightrows
the regions delineated by the decision rule used in the simulatiorwhich marked more low-density
regions as possible target areas.
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5 Window Size Experiment

The size of the search window that VSP uses to compute moving the avage anomaly density
can have a major in uence on the predicted density surface. Beforeaddressing my main goal
of understanding the e ects of prior information on delineation results, | look into the choice
of window diameter. This experiment involves repeatedly analyzig the same sample data with
di erent window sizes. In a real-world situation it is possible to run multiple analyses on one set
of data collected from one realization of a site, but it is di cult to dec ide which analysis is best if
the true target area locations and sizes are unknown. Simulation allowshe results of Kriging and
delineation to be compared to the known truth. Also, the same analysis an be repeated on many
realizations of one site to illustrate the variability that arises simply due to natural variation in the
process that generates anomalies. Theasy site is used so that the window diameter e ect can be
examined under favorable conditions.

5.1 Design and Analysis

This experiment uses 200 realizations of theeasy site. Each realization is sampled once with
a between-transect spacing of 225 feet. This sampling plan should datt TA1 (800 feet by 1,200
feet) with probability 0.99 (see Table[1 on pagg 3P). Each realization is analyed using ve di erent
window sizes.

Three window diameters (228 feet, 516 feet, 798 feet) range from just abevthe between-transect
spacing to just under the minor axis length of TA1l. These sizes are setéed in accordance with the
Visual Sample Plan user's guide, which recommends choosing a windadvameter at least as large
as the between-transect spacing but smaller than the diameter of théarget area of interest (Matzke
et al. [2014). Two additional diameters (150 ft and 1,500 feet) are chosen to be mbdoo small and
much too large.

At the end of the analysis, regions of the site with high predicted desity are delineated. Vi-

sual Sample Plan discards any delineated regions under a user-spesdl minimum area, but since

the window size is a smoothing parameter, very small regions could bimdicative of inadequate

smoothing. Thus, for the comparisons made within this experiment, lkeep all regions regardless
of size.

5.2 Results

The success of the analysis is most directly measured by the detech rate, which is the proportion
of true TOI items that would be removed from the site if all of the delineated area was remediated.
The detection rate increases as the window diameter increases. Wheising the 1,500 foot window,
it is not uncommon for 100% of the TOI items and 100% of the TA area to be containedn the
delineated regions (Figure 2B, top and center rows).

The amount of area delineated is an important practical consideration becase a remediation project
has limited resources. It may not be possible to remediate all of the elineated area, so delineating
more area than necessary is undesirable. The total area delineated botincreases and becomes
more variable as window size increases. For some realizations, the 1,50@fevindow results in over
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half of the 952.4 acre site being identi ed as high-density (pagé 47, Figurl4, top right). The 798
foot window gives more manageable results, with the total delineated aie being both lower and
less variable while still achieving a detection rate over 80% for mostealizations.

The area of the smallest and largest individual regions both increase wit the window size; for the
150 foot, 228 foot, and 516 foot window sizes, in most realizations the smalledelineated region
is a single grid cell. This is a sign that these windows sizes pradé inadequate smoothing of the
predicted density surface. The 798 foot window does the best job ofrpducing regions that are
close to the sizes of the true target area sizes (pa46, Fig 23, bottom rpw

At all window sizes, more area is delineated than the area of the truearget areas. Large windows
have a smoothing e ect on the density surface, so small numbers ofitge regions are delineated.
Conversely, small windows are sensitive to local density hotspotand result in large humbers of
very small regions being delineated. There is a tradeo between larg&vindows, which yield a few
regions and a large amount of variability in the total area, and small windows, which result in less
total area divided up into too many individual regions (page (47, Figure[24, cater left).

In all cases, most of the delineated area does not belong to the true targareas (page 47, Figure 24,
bottom left). The 516 foot window tends to give a slightly lower false positive proportion than the
other window sizes do, but overall there is little variation in false positive proportion among window
sizes.

The error distances have extremely right-skewed distributions with most error distances being
much smaller than the sizes of the target areas (page #8, FigureR5). The tail ofhe distribution

increases in length as the window size increases because larger wind reduce the detail in the
density map, forcing the delineation to be less precise. Most undected TOls are very close to the
boundary of a delineated possible TA; exceptions are only observed for €h1,500 foot window. For
two realizations, the analysis with the largest window completely faled to detect one TA, resulting
in a cluster of very large error distances.

There is no window diameter that is obviously the best choice. Larger \wndows result in more
TOIs being found, but the tradeo is that more area must be remediated to do so. None of
the delineations could be considered both accurate and precise. Wigv diameters larger than a
target area or smaller than the space between transects cannot be recomnued; these result in,
respectively, far too much area delineated or an unrealistically lage number of regions identi ed.
When using the 516 foot and 798 foot windows, detection rates above 90% are camon. Further

studies (perhaps based on real-world sites) could help formalize mogeneral guidelines, but for the
easy site, it seems advisable to use a window size near the true size dfd target area of interest.
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Figure 23: The detection rates and the proportion of the true area delineadd measure the ability
of the analysis to nd the TAs and TOI items. Larger windows result in mor e of the TOIs being
detected. The areas of the smallest and largest regions help in assegsiwhether the analysis
produces regions that tend to be around size of the true TAs. The red fies mark the true areas of
TA1 (17.3 acres) and TA2 (32.4 acres).
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Figure 24: Plots showing the relationships between the number of regns and other variables for
the window size experiment. The red vertical lines mark the trie total area of the target areas

(49.7 acres) and number of target areas (2).
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Figure 25: The distribution of error distances is right skewed both for al realizations combined
and for individual realizations. Most undetected TOI items are near the boundary of a delineated
region. The two clusters seen in the top right plot come from realization1,984, where the analysis
completely failed to detect TA2, and one other realization where TA1 was notdetected.
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6 Prior Information Experiment

The primary focus of this project is how prior information about the tar get area size and anomaly
density input into Visual Sample Plan a ects the delineation of target areas through the sampling
plan. The window size experiment (Section 5) involved repeated angbis of one set of sample
data from each of multiple realizations of the easy site, but the prior information experiment more
fully uses the bene ts of simulation by using multiple sampling plans on each realization, which
would typically be prohibitively expensive at a real site. To illu strate the inherent variability in the
anomaly-generation process, this experiment also uses multiple aézations of each site. All three
sites (easy, medium, and hard)are used so the e ect of their di ering complexity can be seen.

6.1 Design and Analysis

The factors of interest are the assumed target area size and the assumedrgiet area density that
are input into VSP. The site (easy medium, and hard) is a third factor. For each site, | consider
four levels of assumed TA size: (1) a small size half the area of the smadit TA, (2) the true size of
the smallest TA, (3) the true size of the largest TA, and (4) a large size twce the area the largest
TA. There are three levels of assumed TA density: (1) 100, (2) 200 (the truevalue), and (3) 400
anomalies per acre above the background density. In Section 4.3, | used dacombination of these
factors to create a sampling plan for each site (Tables 1 and 2). For this gperiment, | apply all
twelve sampling plans to 100 realizations of each site. The true sizesrue densities, and all other
sampling plan inputs are held constant.

The window size experiment revealed that a search window sizease to the true size of the smallest
target area gives relatively good performance for theeasy site (Section 5.2). In reality, the true
TA size would be unknown, but if the project team trusts their prior information they would use
whatever they know about the TA size to make the window size decigin. To realistically model
how the TA size information is used, | let the prior information in ue nce the window size for this
experiment. | set the search window diameter to 90% of the minor axis othe assumed TA size.

During a real remedial investigation, the analyst would ignore regions cosidered too small to be a
target area. The analyst enters a minimum area threshold into VSP, and tlen VSP does not draw
any possible TAs under this size on its map (Section 3.2.6). For this exp@nent, | consider regions
under 3 acres too small to be target areas and are | omit them from the restd.

As with the window size experiment, | evaluate the results mainlyin terms of the TOI detection
rate. For the medium and hard sites, the road and ranch are nuisance regions that have intermediate
anomaly density, lower than the density in the target areas, but higherthan the background density
across the rest of the site. The proportion of these regions that are delgated is also an interesting
outcome of the analysis.

6.2 Detection Rate Results
The results from all three sites show similar patterns in how the asumed target area size and density

a ect the detection rates and in the proportion of the total TA area that is d elineated. There is a
slight trend of decreasing detection rate as the assumed target area sior the assumed density are
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increased, but the most noticeable pattern is that the variability in the detection rate gets larger as
either factor is increased. For all sites, sampling plans based on thevp largest assumed TA sizes
and the largest assumed TA density result in more diverse detectiomates compared to the other
sampling plans.

For the easysite, the detection rates are generally very high, but for some realizabns, the sampling
plans based on the size of TA2 or the large size result in the analysis doirgpoor job of detecting
items from the smaller TA1. (page51, Figure 26).

At the medium and hard sites, when the target area anomaly density is assumed to be 100 anomalies
per acre above background, all sampling plans result in detection of nebr all of the TOI and
target areas, with the only exception being the sampling plan based on ta large TA size (page 52,
Figure 27 and page 53, Figure 28). The detection rate gets more variable as the assad target
area size and density increase. For all assumed TA densities, the awals using the large size tends
to either detect all items from T1 or detect none of the items from T1. When the true size of T1 or
the small size are used to create the sampling plan, the analysis tesdo detect most, but not all, of
the TOI items from A, this could be because the small windows do not povide enough smoothing
to accurately map the anomaly density in the large artillery range.

The detection rate varies more for thehard site than for the medium site. A possible explanation
is that the clustered background anomalies lead to greater uncertaintyn the predicted density, but
| leave the details of this issue for a future study.

Within a single site, the observed di erences in detection rate ae better explained by the assumed
TA size than the assumed density.

As a nal comment, note that the proportion of the TA area detected tends to be a little lower than

the detection rate of TOI items. The \true" area is based on a region drawn on a map, which is
essentially an arti cial construct meant to help the people understand the site. The analysis nds
TOls; it will not delineate the entire region where munitions use accurred if parts of the region
have few TOI items actually present. This result illustrates that there is a subtle di erence between
nding TAs and nding TOIs, so analysts should not be surprised if th e map of TOI locations does
not look like the expected map of munitions use areas.

6.3 ldenti cation of the Unknown Target Area

The medium and hard sites contain a third target area, T2, of an intermediate size between tk
smaller T1 and the larger A. The conceptual site models state that the sie and location of T2 are
unknown, so speci ¢ information about it is not available for use in creating a sampling plan. | use
this simulation to see if sampling plans created from knowledge of th@ther TAs can identify T2.

At both sites, sampling plans based on the small size or the true size &f1 generally detect nearly
all TOIl items from T2 (page 54, Figure 29). When the large size or the true sie of A are used, the
analysis tends to detect either all or none of the T2 items. It is preérable to nd some of the TOI
items and gain additional information about the TA than to miss the TA entir ely, so | recommend
using a smaller assumed TA size to design the sampling plan. The assed density has little e ect
on the detection rate of TOIs from T2.
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Figure 26: At the easy site, all sampling plans tend to detect most or all of the TOI items and TA
area. The detection rates are more variable for larger assumed TA size and dsity.
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Figure 27: Compared to theeasysite, detection rates at the medium site tend to be lower but show
similar relationships with the assumed TA size and density.
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Figure 28: For the hard site, detection rates show the same trends as seen at thmedium site, but
the detection rates at the hard site are somewhat more variable.
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Figure 29: At both the medium and the hard site, assuming a small target area size is important
for nding the third target area, T2.

6.4 Number and Area of Delineated Regions

Ideally, analyzing data from a UXO site should result in the delineation of a few regions that contain
TOI items and do not include excess area. Delineating a large number admall regions or a lot

of excess area would lead to a costly and unproductive remediation. Mwnalysis delineates more
regions than the number of TAs, and these regions contain far too much area. fie number and area
of the delineated regions are strongly related to the assumed target aredze, while the assumed
TA density has little e ect by itself. The two factors interact, w ith a decrease in total area being
associated with an increase in assumed density only for the small siz©verall, larger assumed TA
sizes result in few distinct regions being delineated, but thes regions tend to be extremely large.

For the easy site, as the assumed TA size increases, the number of regions decresasvhile the total

area delineated has a very slight increasing trend (Figure 30). The tail area gets more variable
as the assumed density estimate is increased, and this is especjalipparent when the assumed
TA size is too large. The sampling plan assuming the small size and 400 anaties per acre has
a transect spacing similar to the transect spacing of the sampling @n using the size of TA1 and
assuming 200 anomalies per acre (with transect spacings are 220 feet and 225 feespectively).

These two plans tend to delineate the least area. Additional studies lsould be done to see if the
good performance of these sampling plans can be explained by other sarmg plan inputs, or even

by the transect spacing itself.
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For the medium and hard sites, the sampling plans separate into two groups corresponding to
the two smallest assumed TA sizes and the two largest assumed TA siggpage 56, Figure 31).
Analyses assuming the size of T1 or the small size result in similar mabers of individual regions
being identi ed. The analyses based on the size of A or the large size asyield about the same
number of regions, and they nd fewer regions than when a smaller TA is asumed. The number
of regions found is not a ected by the assumed TA density value. On aveage, the two smallest
assumed TA sizes result in the least total area delineated, and the aeedelineated is much less
variable than when the largest TA sizes are used. The total area plots shwo an interaction similar
to the one seen at theeasy site.

The plots for the medium and hard sites show similar relationships between the summary values
and the factors, but slightly more area is delineated at thehard site. The di erence is bigger than
the 14.7 acres of the ranch, so it is partially due to the clusters of badground anomalies.

Number of Distinct Total Area of
Regions ldentified, Delineated Regions,
Easy Site Easy Site

Prior Anomaly Density above Background
100 per Acre 200 per Acre 400 per Acre
Prior Anomaly Density Above Background

100 per Acre 200 per Acre 400 per Acre

1 [ I I I I 1
0 5 10 15 20 0 100 200 300 400 500

Number of Regions Area in Acres

Assumed TA Size
Small TAl TA2 Large Truth

Figure 30: At the easysite, the assumed target area density has no e ect on the number of regns
delineated, but there is an apparent interaction between the assung TA density and the assumed
TA size. A similar pattern is seen at the medium and hard sites as well. The vertical lines mark
the true number (2) and area (49.7 acres) of the target areas.
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Figure 31: At the hard site, slightly more area is delineated than at themedium site, indicating
that the analysis does not smooth out the clusters in the background anomads. The vertical lines
mark the true number (3) and area (62.9 acres) of the target areas.
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Figure 32: None of the sampling plans are able to smooth the road or the ranch out dhe anomaly
density map. These regions need to be described in the conceptuadtesmodel and analyzed sepa-
rately.
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6.5 Detection of Nuisance Regions

The road and ranch are nuisance regions with anomaly densities of 200 anomaliesrmacre, which is
lower than the true density at the centers of the target areas, but 100 anoralies per acre higher than
the background density elsewhere at the site. In reality, TOI pregnce in these regions would be
investigated separately, but in this simulation | want to see how they a ect the results of sampling
plans developed for other parts of the site.

The medium and hard sites both include the road. At each site, my analysis does not smoothhie
road out of the density surface, so on average about half of the road is includein the delineated
regions (Figure 32, top). The proportion of the road that is delineated decrases somewhat as the
assumed TA size or the assumed TA density increases, but it remainsrge and highly variable.

Only the hard site contains the ranch. It is not unusual for most or all of the ranch to be denti ed
as a possible target area (Figure 32, bottom). Only the sampling plans withthe largest transect
spacing { those based on the large size or the size of A { occasionally resin very little or none of
the ranch area being delineated. The ranch is a true high density gion similar in size to a target
area, so it should be expected to appear in the predicted density stace. The ranch would need to
be sampled and analyzed separately since the anomalies there are knowm¢ome from a di erent
process than at other locations within the same site.

False Positive Proportion, Area Delineated vs Transect Length,
Easy Site Easy Site
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Figure 33: The easy site contains 49.7 acres of target areas, but all sampling plans result in far
more area than this being delineated.
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Figure 34: The medium and hard sites contain 62.9 acres of target areas. As seen at theasy site,
most of the delineated area does not belong to a target area..
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6.6 Sampling E ort

The amount of sampling e ort is a very important consideration because a poject team needs to
balance the cost of sampling with the cost of remediating the possibledarget areas found. They
certainly want to collect more data if it helps identify the target are as more accurately or precisely,
but they may wish to avoid spending extra time and money on samplingif it does not save costs
during the remediation. | use the false positive proportion, the total area delineated, and the total
length of transects traversed to investigate the how the assumed tayet area size and assumed target
area density relate to sampling e ciency.

At all three sites, the false positive proportion is around 0.8 to 0.9 for al sampling plans, meaning
80% to 90% of the delineated area does not belong to the true target areas (Figai 33, left, and
Figure 34, left). The plots of total delineated area against distance travesed show that collecting
more data from additional transects is associated with lower variabiliy in the amount of area
delineated (Figure 33, right, and Figure 34, right). However, the total areadelineated does not
approach the true area. Collecting more data does not result in a more e ¢ent remediation.

7 Issues and Considerations Related to the VSP Analysis

Visual Sample Plan is an attractive option for analyzing UXO data because it geerally does a
good job of nding the true target areas and it uses standard geostatistical nethods that would be
familiar to users with experience working on environmental projets. However, questions remain
regarding the choice of Kriging window size for a particular site, theapplicability of the linear

model and Kriging to anomaly data, and how to use the information gained from rmapping and
delineating the high-density regions.

7.1 Choosing a Good Window Size

Using an appropriate window size is crucial for obtaining an accurate anomalylensity map. Typi-
cally, the window size is chosen after the data are collected, but tis is problematic because di erent
window sizes yield very di erent results for a given dataset. If agoal of the project is to map the
site with a certain level of detail, it would make more sense to have e window size drive the
sampling plan. The window diameter should be selected to achieve desired resolution for the
map, and then the transect spacing set to provide enough data for wind@s of the chosen size.

If the window size is selected after the sampling plan is createdsome e ort should be made to
choose a window size suitable for the data rather than using a defaulsize. One way to assess
optimality is cross-validation, where subsets of observed anomaly deitges are omitted while es-
timating covariance parameters and computing Kriging predictions, ard then Kriging is used to
predict the densities at the locations of the omitted observations. The mean squared error (MSE)
for the omitted observations is used as an optimality criterion. Cross valdation is repeated for
several window sizes, and the window size with the lowest MSE iselected. Leave-one-out cross
validation, where each window is omitted one at a time, is already availate in KT3D. K -fold cross
validation, where Ki of the windows are randomly selected and omitted at once, generally givdess
variability in the computed MSE than leave-one-out cross validation daes (James et al. 2013x5.1)
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and could easily be implemented via KT3D's jackknife feature. An algorihm could be developed
to adaptively choose additional window sizes to evaluate and create a smoth curve in a manner
similar to how VSP's detection probability simulation chooses additional transect spacings.

7.2 Comments on Stationarity

Even though VSP's Kriging methods e ectively detect the TOI item s in my simulations, the ap-

propriateness of the model and analysis should be considered. OrdinaKriging assumes that the

anomaly densities observed at a site result from a single, stationary mrcess, so that the mean
anomaly density is constant across the site. This is a curious assumpmh to make when it is be-
lieved that target areas are present and have higher density than otheregions. | argue that this is a
reasonable modeling decision, even though the use of ordinary Kriging iinappropriate. The alter-

native linear model approach is to use universal Kriging with polynomal or spline terms to model

the spatial trends, but doing so requires making decisions about hoveomplex the trend surface
is allowed to be. Furthermore, a polynomial or spline surface will hae a smoothing e ect on the

density surface, but some smoothing is already done when computindie moving average densities.
The additional smoothing needlessly adds complexity to the analysisso it may be acceptable to
use ordinary Kriging if it produces a reasonable anomaly density map for dlineation.

7.3 Other Analysis Methods for Spatial Point Data

Perhaps more troublesome than the stationarity assumption is the appliation of methods for a
continuous response variable to the outcome of a point process. Most geasistical methods are
derived and studied under the assumption that the data come from a Gausian random eld, where
the joint distribution of the observations is multivariate Normal. In a G aussian random eld, a
numerical measurement can be made at any location of the site. This is dirent from the spatial
point process that generates anomlies at random locations around a site.

When Kriging is done in VSP to map a site's spatial anomaly density, the dita being used are the
window densities, not the anomaly locations. Analysis methods for conhuous response variables
may incorrectly characterize the outcome of a point process. It couldbe better to use methods
derived speci cally for spatial point processes.

Kernel intensity estimation is a method of estimating a Poisson inensity function that can be
employed to map anomaly density. A kernel function is centered at tle location of each observed
anomaly. The sum of the kernels produces a smooth map of the spatial poirtensity. This technique
does not require computing window densities, but a smoothing badwidth must be chosen. Brooks
and Marron (1991) discuss cross validation for selecting the bandwidth. Aplying kernel estimation
to data from transect sampling could be complicated by the fact that poirts between the transects
are not observed; this issue would be worthy of further research.

For situations where a circular target area is being sought, and mapping lte anomaly density is
not necessary, Kulldor (1997) proposes a spatial scan statistic that would ke applicable. The scan
statistic is a likelihood ratio statistic and is used to identify clusters in a point process that are not
described by a baseline model. The baseline model has an intensitle ned up to a multiplicative

constant. When analyzing UXO data, it is widely assumed that background nose has a constant
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density. A homogeneous Poisson process would be used for the baselinedual, and target areas
are identi ed by nding the cluster centers and diameters which maximize the likelihood.

7.4 A Risk Management Perspective

Once possible target areas are identi ed, it may not be clear how to us¢he information, especially
if insu cient resources are available to remediate all potential target areas, if less area is delineated
than expected, or if high background density makes the analysis di cult. In particularly tough
cases, sampling and geostatistical mapping might not even be helpful oretessary to meet the
project goals. A risk management study could be useful as an alternativeat sampling or to augment
information obtained through sampling.

Any historical information can be used to reduce uncertainty about the possible locations of UXO.
Neptune and Company, Inc. (2008) demonstrate a Bayesian approach involvingdilistic simulations.

Historical data about ring locations and ordnance discovered by landowrers in Helena Valley are
used to develop a simulation of tanks ring rounds into the area wheremunitions were been found.
The simulations lead to revised information about the ring points and t he geographical extent of
the UXO problem, including identi cation of a low-density region a e cted by ricochet. The end
result is a spatial map of the risk of UXO encounters, based entirely on istorical information and

without requiring a new survey. Even for sites with less informaion available, such simulations
could still be used to re ne the conceptual site model, potentialy saving time and money by
reducing the area that must be sampled. This could be especially hgful when there is enough
background noise present to make sampling ine ective at identifyirg target areas.

8 Conclusions

Visual Sample Plan provides tools to address nearly every sampling andata analysis need of an
unexploded ordnance cleanup project, and can be used by people witttle statistical training. Of
particular interest during the remedial investigation phase are thegeophysical mapping and target
area delineation tools. These features compute the spatial anomaly deitg in search windows
that move along the observed transects, use Kriging to map the anomaly desity across the entire
site, and threshold the map to delineate high-density regions that carespond to possible target
areas and may contain unexploded ordnance. The successful implentation of these tools requires
many decisions, assumptions, and pieces of prior information. My simation study investigates
the sensitivity of the delineation to the choice of window size and he prior information about the
target area size and anomaly density, but these are just a few of many compents.

8.1 Window Size Selection

No single window size is clearly best for all realizations of the sites tonstructed. Choosing a
window size requires a compromise between detecting a high proparn of the munitions items and
wasting e ort by remediating a large amount of area that contains little or n o munitions debris. A
real project should consider several window sizes, but a windowl@se in size to the assumed target
area size is a good starting point.

62



8.2 Prior Information About the Target Area Size and Anomaly Density

Obtaining accurate information about the sizes of possible target areas isery important. Sampling
plans based on an assumed size that is too large can fail to detect the fudktent of a smaller target
area. Assumed TA sizes that are too small lead to excess sampling, unressarily increasing costs.
If the target area size is used to inform the window size, as in the por information experiment, an
underestimate can result in the Kriging predictions being too sasitive to local variation in anomaly
density. In this simulation, the best results occur when the sampling plan is based on the true size
of the smallest target area at the site. The prior estimate of the target ar@ anomaly density is
less important. Therefore, e orts to gether prior information should focus on obtaining accurate
information about the target area sizes.

8.3 Sampling E ort and Remediation E ort

When a reasonable window size is selected and accurate prior informati about target area size
is available, the methods used in my analysis result in all or nearly dlof the munitions items
at the simulated sites being contained within the identi ed high-density regions. Unfortunately,
the delineation leads to an ine cient remediation. At all three site s, it is typical that roughly
80% of the delineated area is not part of a true target area. It would be intuiive to expect that
collecting more data from more closely-spaced transects would lead to one detailed map of the
high-density regions. This is not the case. Additional transect distarte decreases the variability in
the amount of area delineated, but does not improve the accuracy. In@ased sampling e ort does
not translate into savings in the remediation phase. It would be bette to collect as much prior
information as possible so the delineation results can be managed and pritized in the event that
more high-density area is identi ed than can be cleaned up.

8.4 Future Investigations

Much remains to be discovered about how VSP can be used most e ectig Future simulations
should use the conceptual models of real sites and could examine priarformation about additional
guantities such as the background density or distribution of items inthe target areas, and true
parameters of the site like the actual size and density of the target areas

Other aspects of the analysis should be studied as well, in particulathe optimal window size for
one realization. Cross-validation could be an e ective way to choose a widow size after sampling.
Future studies should also consider how to select a window sizeefore sampling, and then create
a sampling plan that ts the chosen window size. The window size a ets the amount of detail
possible in the anomaly density map, so it makes sense to set the wind/ size rst. Currently,
there is little guidance available on how to create a sampling plan baskon a given window size.

The method used to separate high-density regions from the backgroundianother very important
topic for further study. The decision rule used in this simulation is a naive attempt to do the
delineation objectively, and it is probably the reason my analysis deleates so much excess area.
Future work should seek a statistically-justi ed procedure where any point at the site is considered
hazardous unless the anomaly density at that location is shown to be satiactorily low according
to criteria de ned for the project.
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A R Code Appendix

A.1 Simulations

A.1l.1 Easy Site, easy.r

# Generate an easy site with two elliptical TAs
require(spatstat)

source( rfns/data_functions.r)

source( rfns/spatial_functions.r)

nreps <- 3000

bg.dens <- 100 / 43560 # 100 per acre, converted to square feet
fg.dens <- 200 / 43560 # 200 per acre above bg

# 952.375 acres. At 100 bg per acre, we expect 95237.5 bg anomalies.
sitewindow <- owin(poly = cbhind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = ¢(535421, 541130, 541085, 535576)))

# Generate a vector of random seeds and reseed each iteration
# so the whole set of reps doesnt need to be generated at once.
# Valid seeds are 32 bit signed integers.

set.seed(783614)

seeds <- sample(2"32-1, nreps)-2"31

# Loop to generate many

cat(sprintf( Simulating %d Easy Sites nn, nreps))

pb <- txtProgressBar(max = nreps, style = 3)

timing <- system.time(for(repl in 1:nreps) f
set.seed(seeds[repl])

# Uniform background
bg.anomalies <- rpoispp(lambda = bg.dens, win = sitewindow)
marks(bg.anomalies) <- 0

# Target Area 1
fgl <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1558400, mu.y = 540000,

s.a = 800/(2*gnorm(0.995)), s.b = 1200/(2*qnorm(0.995)), r = pi/6, maxrate = fg.dens)
marks(fgl) <- 1

# Target Area 2
fg2 <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1562000, mu.y = 537000,

s.a = 2000/(2*qnorm(0.995)), s.b = 900/(2*qnorm(0.995)), r = 0, maxrate = fg.dens)
marks(fg2) <- 2

site <- superimpose(bg.anomalies, fgl, fg2)
save(site, file = sprintf( datasets/easy/full/leasy_full_bg%03d_fg%03d_rep%04d.RData ,
bg.dens*43560, fg.dens*43560, repl))

setTxtProgressBar(pb, repl)

9)
close(pb)

print(timing)

64



A.1.2 Medium Site, medium.r

# Generate a realistic site with three TAs and some roads
require(spatstat)

source( rfns/data_functions.r)

source( rfns/spatial_functions.r)

nreps <- 3000

bg.dens <- 100 / 43560 # 100 per acre, converted to square feet
road.dens <- 100 / 43560

tank.dens <- 200 / 43560

art.dens <- 200 / 43560

# 952.375 acres. At 100 bg per acre, we expect 95237.5 bg anomalies.
sitewindow <- owin(poly = chind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = ¢(535421, 541130, 541085, 535576)))

roadwindow <- intersect.owin(
dilation(psp(x0 = ¢(1559750, 1560000, 1560250, 1560700,
1560700, 1560000, 1558050),
y0 = ¢(535421, 536400, 536750, 537000,
537000, 537850, 538500),

x1 = ¢(1560000, 1560250, 1560700, 1564495,
1560000, 1558050, 1557550),
yl = ¢(536400, 536750, 537000, 538000,

537850, 538500, 538900),
window = boundingbox(sitewindow)),
25), sitewindow)

# Generate a vector of random seeds and reseed each iteration
# so the whole set of reps doesnt need to be generated at once.
# Valid seeds are 32 bit signed integers.

set.seed(46347)

seeds <- sample(2732-1, nreps)-2"31

# Loop to generate many

cat(sprintf( Simulating %d Medium Sites nn, nreps))

pb <- txtProgressBar(max = nreps, style = 3)

timing <- system.time(for(repl in 1:nreps) f
set.seed(seeds][repl])

# Uniform background
bg.homog <- rpoispp(lambda = bg.dens, win = sitewindow)
marks(bg.homog) <- 0

# Uniform background
bg.road <- rpoispp(lambda = road.dens, win = roadwindow)
marks(bg.road) <- 1

# Tank Area 1
tankl <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1558000, mu.y = 540000,

s.a = 1000/(2*qnorm(0.995)), s.b = 600/(2*qnorm(0.995)), r = -pi/9, maxrate = tank.dens)
marks(tankl) <- 3
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# Tank Area 2
tank2 <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1558300, mu.y = 537500,

s.a = 800/(2*gnorm(0.995)), s.b = 800/(2*gnorm(0.995)), r = 0, maxrate = tank.dens)
marks(tank2) <- 4

# Artillery Area
art <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1561200, mu.y = 539200,

s.a = 1500/(2*qnorm(0.995)), s.b = 1500/(2*qnorm(0.995)), r = 0, maxrate = art.dens)
marks(art) <- 5

site <- superimpose(bg.homog, bg.road, tankl, tank2, art)
save(site, file = sprintf( datasets/medium/full/medium_full_bg%03d_ro%03d_t%03d_a%03d_rep%04d.RData ,
bg.dens*43560, road.dens*43560, tank.dens*43560, art.dens*43560, repl))

setTxtProgressBar(pb, repl)
9)
close(pb)
print(timing)

A.1.3 Hard Site, hard.r

# Generate a realistic site with three TAs and some roads
require(spatstat)

source( rfns/data_functions.r)

source( rfns/spatial_functions.r)

nreps <- 3000

# Background has 2 clusters per acre so 50 anomalies per cluster
# gives 100 anomalies per acre

bg.kappa <- 2 / 43560

bg.scale <- 75

bg.mu <- 50

road.dens <- 100 / 43560

ranch.dens <- 100 / 43560
tank.dens <- 200 / 43560

art.dens <- 200 / 43560

# 952.375 acres. At 100 bg per acre, we expect 95237.5 bg anomalies.
sitewindow <- owin(poly = chind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = ¢(535421, 541130, 541085, 535576)))

roadwindow <- intersect.owin(
dilation(psp(x0 = ¢(1559750, 1560000, 1560250, 1560700,
1560700, 1560000, 1558050),

y0 = ¢(535421, 536400, 536750, 537000,
537000, 537850, 538500),

x1 = ¢(1560000, 1560250, 1560700, 1564495,
1560000, 1558050, 1557550),

yl = ¢(536400, 536750, 537000, 538000,
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537850, 538500, 538900),
window = boundingbox(sitewindow)),
25), sitewindow)

ranchwindow <- owin(c(1561300, 1562100), c(537900, 538700))

# Generate a vector of random seeds and reseed each iteration
# so the whole set of reps doesnt need to be generated at once.
# Valid seeds are 32 bit signed integers.

set.seed(23467)

seeds <- sample(2"32-1, nreps)-2"31

cat(sprintf( Simulating %d Hard Sites nn, nreps))
pb <- txtProgressBar(max = nreps, style = 3)
timing <- system.time(for(repl in 1:nreps) f

9)

set.seed(seeds[repl])

# Clustered background
bg.clust <- rThomas(kappa = bg.kappa, scale = bg.scale, mu = bg.mu, win = sitewindow)
marks(bg.clust) <- 0

# Uniform background
bg.road <- rpoispp(lambda = road.dens, win = roadwindow)
marks(bg.road) <- 1

# Uniform background
bg.ranch <- rpoispp(lambda = ranch.dens, win = ranchwindow)
marks(bg.ranch) <- 2

# Tank Area 1
tankl <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1558000, mu.y = 540000,

s.a = 1000/(2*qnorm(0.995)), s.b = 600/(2*gnorm(0.995)), r = -pi/9, maxrate = tank.dens)
marks(tankl) <- 3

# Tank Area 2
tank2 <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1558300, mu.y = 537500,

s.a = 800/(2*gnorm(0.995)), s.b = 800/(2*gnorm(0.995)), r = 0, maxrate = tank.dens)
marks(tank2) <- 4

# Artillery Area
art <- rpoispp(lambda = gauss.elliptic, win = sitewindow, mu.x = 1561200, mu.y = 539200,

s.a = 1500/(2*qnorm(0.995)), s.b = 1500/(2*qnorm(0.995)), r = 0, maxrate = art.dens)
marks(art) <- 5

site <- superimpose(bg.clust, bg.road, bg.ranch, tankl, tank2, art)

save(site, file = sprintf(
datasets/hard/full/lhard_full_k%02d_s%03d_m%03d_ro%03d_ra%03d_t%03d_a%03d_rep%04d.RData ,
bg.kappa*43560, bg.scale, bg.mu, road.dens*43560, ranch.dens*43560,
tank.dens*43560, art.dens*43560, repl))

setTxtProgressBar(pb, repl)

close(pb)
print(timing)
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A.2 Analysis
A.2.1 Window Size Experiment, experimentl.r

# North-South Transect sampling from the easy site,
# with different window sizes.

require(tcltk)

require(spatstat)

source( rfns/data_functions.r)

source( rfns/sampling_functions.r)

source( rfns/spatial_functions.r)

# Paths to command-line versions of GAMV and KT3D
gamv_exe <- gamv
kt3d_exe <- kt3d

# Paths to input/output

fulldir <- datasets/easy/full

sampdir <- datasets/easy/sample

outdir <- datasets/easy/expl

# Note: GAM/GAMV only support 40 character file paths.

## EXPERIMENT PARAMETERS

nreps <- 3000
nsamp <- 200# 200 replicates take about 15 hours on my machine

# Sampling plan parameters, 0.99 prob of detecting the smaller TA
spacing <- 225

width <- 6

bg.dens <- 100

fg.dens <- 200

# Spacing is 225, smaller TA has minor axis diameter 800
window.sizes <- ¢(150, 228, 516, 798, 1500)

ncells <- length(window.sizes)

nobs <- nsamp * ncells

# True TAs and site

TA1 <- ellipse(800/2, 1200/2, ¢(1558400, 540000), pi/6)

TA2 <- ellipse(2000/2, 900/2, ¢(1562000, 537000), 0)

TAs <- union.owin(TAl, TA2)

sitewindow <- owin(poly = chind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = ¢(535421, 541130, 541085, 535576)))

# Corners of site and number of discretized rows and columns
corners <- vertices(Frame(sitewindow))

Xmin <- min(corners$x) + window.sizes / 12

ymin <- min(corners$y) + window.sizes / 12

nx <- ceiling(6 * (max(corners$x) - min(corners$x)) / window.sizes)
ny <- ceiling(é6 * (max(corners$y) - min(corners$y)) / window.sizes)

# Starting values for numerically estimating semivariogram parameters:
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# There should not be a nugget because the simulation has no measurement
# error or microscale variation.
nug.start <- 0

# The number of anomlies in a window follows a Poisson distribution, and
# sites have little area occupied by TAs, so the expected number of

# background anomalies over the area squared (=density over area)

# is a natural starting point for the sill of the local density estimate.
sill.start <- bg.dens / (width*window.sizes/43560)

# The only locations that should be correlated are locations in the same TA,
# so set an initial range on the same order of magnitude as the TA sizes.
range.start <- 1000

# Basic starting point for power model:
slope.start <- 1
power.start <- 0.5

# SELECT THE SAMPLE
set.seed(37478)

seeds <- sample(2"32-1, nreps)-2"31
samp <- sample(nreps, nsamp)

## RESULT STORAGE

# Matrix to store all responses that are not vectors
results <- data.frame(expand.grid(win = window.sizes,
Realization = samp),

length = numeric(ncells),
detect numeric(ncells),
detectl = numeric(ncells),
detect2 = numeric(ncells),
dens = numeric(ncells),
detectarea = numeric(ncells),
detectareal = numeric(ncells),
detectarea2 = numeric(ncells),
identarea = numeric(ncells),
identcount = numeric(ncells))

# List of lists to store vectors of distances of false negatives to nearest
# delineated regions
ndist <- array(list(), dim = c(nsamp, length(window.sizes)),
dimnames = list( Realization = pasteO(r, samp),
win = pasteO(w, window.sizes)))

# List of lists to store vectors of areas of disjoint regions
areas <- array(list(), dim = c(nsamp, length(window.sizes)),
dimnames = list( Realization = pasteO(r, samp),
win = pasteO(w, window.sizes)))

# Loop for each replicate
pb <- tkProgressBar(max = nsamp+1, min = 1, initial = 1,
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titte = Sampling and Kriging,
label = Sampling and Kriging)
timing <- system.time(for(repl in samp) f
itr <- which(samp==repl)
r <- (itr - 1) * ncells
set.seed(seeds[repl])
setTkProgressBar(pb, itr, label = pasteQ( Iteration , which(samp==repl),
. Sampling rep , repl))

## SAMPLING

# Read the ground truth file
load(file = sprintf( %s/easy_full_bg%03d_fg%03d_rep%04d.RData ,
fulldir, bg.dens, fg.dens, repl))

# Sample along the transects, starting at a random horizontal coordinate
sample <- sample.transects.NS(site, width, spacing,
offset = runif(1, 0, spacing + width/2))

# Save the sample

filepath <- sprintf( %s/easy_sample_sp%04d_bg%03d_fg%03d_rep%04d ,
sampdir, spacing, bg.dens, fg.dens, repl)

write.anomaly(sample$anomaly, pasteO(filepath, .anomaly))

write.cog(sample$cog, pasteO(filepath, .cog))

# Loop for each window size
for(w in 1l:length(window.sizes)) f
setTkProgressBar(pb, itr+w/length(window.sizes),
label = pasteQ( Iteration , itr, : Analyzing rep |,
repl, with window size , window.sizes[w]))
results$length[r+w] <- sample$length

## KRIGING

# Evaluate local density in each window

datfile <- sprintf( %s/rep%04d_w%04d.dat, outdir, repl, window.sizes[w])
Idens <- windowed.density.NS(sample, window.sizes[w])
write.geoeas(ldens, datfile, titte = Data exported from R)

# Create GAMV parameter file

gpar <- sprintf( %s/rep%04d_w%04d_g.par, outdir, repl, window.sizes[w])
gout <- sprintf( %s/rep%04d_w%04d_g.out, outdir, repl, window.sizes[w])
cat(gamv_par(datfile, gout, window.sizes[w]), file = gpar)

# Run GAMV to compute empirical semivariogram
system2(gamv_exe, input = gpar, wait = TRUE)

# Read semivariogram and discard lags that were not estimated
svario <- read.table(gout, row.names = 1,
col.names = c(I, lag.dist, semivariogram,
n, tail.Lmean, head.mean),
header = FALSE, skip = 3)
svario <- svario[svario$n>0,]

# Fit parametric semivariograms
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params <- list( sphere = optim(c(nug.start, sill.startfw], range.start),

sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.sphere, lower = c¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

expon = optim(c(nug.start, sill.startfw], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.expon, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

gauss = optim(c(nug.start, sill.startfw], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.gauss, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

power = optim(c(nug.start, slope.start, power.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.power, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, 2),
method = L-BFGS-B))

# Find the model with the smallest sum of squares
# The indices match GSLIB s model type numbers
type <- order(sapply(params, function(x) freturn(x$value) g))[1]

# Create KT3D parameter file

kpar <- sprintf( %s/rep%04d_w%04d_k.par, outdir, repl, window.sizes[w])

kout <- sprintf( %s/rep%04d_w%04d_k.out, outdir, repl, window.sizes[w])

kdbg <- sprintf( %s/rep%04d_w%04d.dbg , outdir, repl, window.sizes[w])

cat(kt3d_par(datfile, kdbg, kout, nx[w], ny[w], xmin[w], ymin[w],
window.sizes[w], params|[type]]$par[1],
paramsi[type]]$par[2], params|[type]l$par(3], type),

file = kpar)

# Run KT3D to do the kriging
# Note: Value of -999 indicates that the value that was not computed
system2(kt3d_exe, input = kpar, wait = TRUE)

## ANALYSIS

## Read and clean KT3D output

krige.out <- read.geoeas(kout)

krige.out[krige.out$Estimate == -999,] <- rep(NA, 2)

krige.out$EstimationVariance[krige.out$EstimationVariance < 0] <- 0

kest <- im(matrix(krige.out$Estimate, nrow = ny[w], byrow = TRUE),
seq(xmin[w], length.out = nx[w], by = window.sizes[w]/6),
seq(ymin[w], length.out = ny[w], by = window.sizes[w]/6),
unitname = c(foot, feet))

kvar <- im(matrix(krige.out$EstimationVariance, nrow = ny[w], byrow = TRUE),
seq(xmin[w], length.out = nx[w], by = window.sizes[w]/6),
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seq(ymin[w], length.out = ny[w], by = window.sizes[w]/6),
unithame = c(foot, feet))

# Get the delineated regions, if there are any
highdens <- kest > bg.dens + gnorm(0.95) * sqrt(kvar)
if(sum(highdens) > 0) f
identified <- connected(highdens, background = FALSE)
areas[[itr, w]] <- sapply(levels(identified$v), function(x) f
return(area(Window(connected(identified==x,
background = FALSE))[sitewindow]))

9

# Ignore regions with non-positive area
ignore <- which(areas[[itr, w]] <= 0)
areas[[itr, w]J[ignore] <- NA
results$identcount[r+w] <- sum(lis.na(areas[[itr, w]]))
for(i in ignore) f
identified$v[identified$v==i] <- NA
g
g
if(results$identcount[r+w] > 0) f
idboundary <- as.polygonal(Window(identified))[sitewindow]
idpoints <- site
Window(idpoints) <- idboundary
missedpoints <- site
Window(missedpoints) <- complement.owin(idboundary,
frame = dilation(Frame(sitewindow), window.sizes[w]))

results$detect[r+w] <- sum(marks(idpoints)>0) / sum(marks(site)>0)
results$detectl[r+w] <- sum(marks(idpoints)==1) / sum(marks(site)==1)
results$detect2[r+w] <- sum(marks(idpoints)==2) / sum(marks(site)==2)
results$dens[r+w] <- sum(marks(idpoints)>0) / area(idpoints) * 43560
a <- intersect.owin(Window(idpoints), TAs, fatal = FALSE)
results$detectarealr+w] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), TA1, fatal = FALSE)
results$detectareal[r+w] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), TA2, fatal = FALSE)
results$detectarea2[r+w] <- ifelse(is.null(a), 0, area(a))
results$identarea[r+w] <- area(idpoints)
ndist[[itr, w]] <- nncross(missedpoints[marks(missedpoints)>0],
edges(idboundary), what = dist)
g
g

9)
setTkProgressBar(pb, nsamp+1, label = Done)

invisible(close(pb))
print(timing)

save(results, file = pasteQ( datasets/easy/results/easy_winresults_sp, spacing,
_fg, fg.dens, .RData))
save(ndist, file = pasteQ( datasets/easy/results/easy_winndist_sp, spacing,
_fg, fg.dens, .RData))
save(areas, file = pasteQ( datasets/easy/results/easy_winareas_sp, spacing,
_fg, fg.dens, .RData))
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A.2.2 Prior Information Experiment ( Easy Site), experiment2e.r

# North-South Transect sampling from the easy site,
# with twelve different sampling plans.

require(tcltk)

require(spatstat)

source( rfns/data_functions.r)

source( rfns/sampling_functions.r)

source( rfns/spatial_functions.r)

# Paths to command-line versions of GAMV and KT3D
gamv_exe <- gamv
kt3d_exe <- kt3d

# Paths to input/output

fulldir <- datasets/easy/full

sampdir <- datasets/easy/sample

outdir <- datasets/easy/exp2

# Note: GAM/GAMV only support 40 character file paths.

## EXPERIMENT PARAMETERS

nreps <- 3000
nsamp <- 100# Takes about 25 hours

# Site parameters

width <- 6

bg.dens <- 100

fg.dens <- 200 # TRUE density for the simulation

# Sampling plan parameters (treatments)
ta.prior <- ¢(Small, TAl, TA2, Large)
fg.prior <- ¢(100, 200, 400)
spacings <- matrix(c(40, 125, 170, 270,
100, 225, 390, 565,
220, 465, 655, 935), ncol = 3)
window.sizes <- 0.9 * c¢(566, 800, 900, 1273)
ncells <- length(ta.prior) * length(fg.prior)
nobs <- nsamp * ncells

# True TAs and site

TA1 <- ellipse(800/2, 1200/2, c(1558400, 540000), pi/6)

TA2 <- ellipse(2000/2, 900/2, ¢(1562000, 537000), 0)

TAs <- union.owin(TAl, TA2)

sitewindow <- owin(poly = cbhind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = ¢(535421, 541130, 541085, 535576)))

# Corners of site and number of discretized rows and columns
corners <- vertices(Frame(sitewindow))

xmin <- min(corners$x) + window.sizes / 12

ymin <- min(corners$y) + window.sizes / 12

nx <- ceiling(6 * (max(corners$x) - min(corners$x)) / window.sizes)
ny <- ceiling(6 * (max(corners$y) - min(corners$y)) / window.sizes)
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# Starting values for numerically estimating semivariogram parameters:

# There should not be a nugget because the simulation has no measurement
# error or microscale variation.
nug.start <- 0

# The number of anomlies in a window follows a Poisson distribution, and
# sites have little area occupied by TAs, so the expected number of

# background anomalies over the area squared (=density over area)

# is a natural starting point for the sill of the local density estimate.
sill.start <- bg.dens / (width*window.sizes/43560)

# The only locations that should be correlated are locations in the same TA,
# so set an initial range on the same order of magnitude as the TA sizes.
range.start <- 1000

# Basic starting point for power model:
slope.start <- 1
power.start <- 0.5

# SELECT THE SAMPLE
set.seed(87235)

seeds <- sample(2”32-1, nreps)-2"31
samp <- sample(nreps, nsamp)

## RESULT STORAGE

# Matrix to store all responses that are not vectors
results2e <- data.frame(expand.grid( Target = ta.prior,
fg = fg.prior,
Realization = samp),
length = numeric(ncells),
detect = numeric(ncells),
detectl = numeric(ncells),
detect2 = numeric(ncells),
dens = numeric(ncells),
detectarea = numeric(ncells),
detectareal = numeric(ncells),
detectarea2 = numeric(ncells),
identarea = numeric(ncells),
identcount = numeric(ncells))

# List of lists to store vectors of distances of false negatives to nearest
# delineated regions
ndist2e <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteO(r, samp),
Target = pasteO( Target, ta.prior),
fg = pasteO(fg, fg.prior)))

# List of lists to store vectors of areas of disjoint regions
areas2e <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteQ(r, samp),
Target = pasteO( Target, ta.prior),
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fg = pasteO(fg, fg.prior)))

# Loop for each realization
pb <- tkProgressBar(max = nsamp+1, min = 1, initial = 1,
titte = Sampling and Kriging,
label = Sampling and Kriging)
timing <- system.time(for(itr in seq_along(samp)) f
r <- (itr-1) * ncells
repl <- results2e$Realization[r+1]
set.seed(seeds]repl])
setTkProgressBar(pb, r, label = pasteQ( Iteration , itr,
: Loading rep , repl))

# Read the ground truth file
load(file = sprintf( %s/easy_full_bg%03d_fg%03d_rep%04d.RData ,
fulldir, bg.dens, fg.dens, repl))

# Loop for each treatment combination
for(trt in seq_len(ncells)) f
ta <- which(ta.prior==results2e$Target[r+trt])
fg <- which(fg.prior==results2e$fg[r+trt])
setTkProgressBar(pb, itr+trt/ncells,
label = pasteO( Iteration , itr,
. Analyzing rep , repl,
with spacing , spacings[ta, fg]))

## SAMPLING

# Sample along the transects, starting at a random horzontal coordinate
sample <- sample.transects.NS(site, width, spacings|ta, fg],
offset = runif(1, 0, spacings[ta, fg] + width/2))

# Save the sample

filepath <- sprintf( %s/easy_sample_t%s_p%03d_bg%03d_fg%03d_rep%04d ,
sampdir, ta.prior[ta], fg.prior[fg], bg.dens, fg.dens, repl)

write.anomaly(sample$anomaly, pasteO(filepath, .anomaly ))

write.cog(sample$cog, pasteO(filepath, .cog))

results2e$length[r+trt] <- sample$length

## KRIGING

# Evaluate local density in each window

datfile <- sprintf( %s/rep%04d_s%04d.dat , outdir, repl, spacings[ta, fg])
Idens <- windowed.density.NS(sample, window.sizes[ta])
write.geoeas(ldens, datfile, titte = Data exported from R)

# Create GAMV parameter file

gpar <- sprintf( %s/rep%04d_s%04d_g.par, outdir, repl, spacings|ta, fg])
gout <- sprintf( %s/rep%04d_s%04d_g.out, outdir, repl, spacings[ta, fg])
cat(gamv_par(datfile, gout, window.sizes[ta]), file = gpar)

# Run GAMV to compute empirical semivariogram
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system2(gamv_exe, input = gpar, wait = TRUE)

# Read semivariogram and discard lags that were not estimated
svario <- read.table(gout, row.names = 1,
col.names = c(l, lag.dist, semivariogram,
n, tail.Lmean, head.mean),
header = FALSE, skip = 3)
svario <- svario[svario$n>0,]

# Fit parametric semivariograms
params <- list(sphere = optim(c(nug.start, sill.start[ta], range.start),

sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.sphere, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

expon = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.expon, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

gauss = optim(c(nug.start, sill.startta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.gauss, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),

power = optim(c(nug.start, slope.start, power.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.power, lower = c¢(0, 0.0001, 0),
upper = c(Inf, Inf, 2),
method = L-BFGS-B))

# Find the model with the smallest sum of squares
# The indices match GSLIB s model type numbers
type <- order(sapply(params, function(x) freturn(x$value) @))[1]

# Create KT3D parameter file

kpar <- sprintf( %s/rep%04d_s%04d_k.par, outdir, repl, spacings[ta, fg])

kout <- sprintf( %s/rep%04d_s%04d_k.out , outdir, repl, spacings[ta, fg])

kdbg <- sprintf( %s/rep%04d_s%04d.dbg, outdir, repl, spacings[ta, fg])

cat(kt3d_par(datfile, kdbg, kout, nx[ta], ny[ta], xmin[ta], ymin[ta],
window.sizes[ta], params|[type]]$par[1],
params|[type]]$par[2], params[[type]]$par(3], type),

file = kpar)

# Run KT3D to do the kriging
# Note: Value of -999 indicates that the value that was not computed
system2(kt3d_exe, input = kpar, wait = TRUE)

## ANALYSIS
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## Read and clean KT3D output

krige.out <- read.geoeas(kout)

krige.out[krige.out$Estimate == -999,] <- rep(NA, 2)

kest <- im(matrix(krige.out$Estimate, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seq(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unithame = c(foot, feet))

kvar <- im(matrix(krige.out$EstimationVariance, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seq(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unitname = c(foot, feet))

# Get the delineated regions, if there are any
highdens <- kest > bg.dens + gnorm(0.95) * sqrt(kvar)
if(sum(highdens) > 0) f
identified <- connected(highdens, background = FALSE)
areas2e[[itr, ta, fg]] <- sapply(levels(identified$v), function(x) f
return(area(Window(connected(identified==x,
background = FALSE))[sitewindow]))
9)

# Ignore regions less than 3 acres
ignore <- which(areas2e[[itr, ta, fg]] < 3*43560)
areas2e[[itr, ta, fg]]lignore] <- NA
results2e$identcount[r+trt] <- sum(lis.na(areas2e[fitr, ta, fgl]))
for(i in ignore) f
identified$v[identified$v==i] <- NA
9

g
if(results2e$identcount[r+trt] > 0) f

idboundary <- as.polygonal(Window(identified))[sitewindow]

idpoints <- site

Window(idpoints) <- idboundary

missedpoints <- site

Window(missedpoints) <- complement.owin(idboundary,
frame = dilation(Frame(sitewindow), window.sizes[ta]))

results2e$detect[r+trt] <- sum(marks(idpoints)>0) / sum(marks(site)>0)
results2e$detectl[r+trt] <- sum(marks(idpoints)==1) / sum(marks(site)==1)
results2e$detect2[r+trt] <- sum(marks(idpoints)==2) / sum(marks(site)==2)
results2e$dens[r+trt] <- sum(marks(idpoints)>0) / area(idpoints) * 43560
a <- intersect.owin(Window(idpoints), TAs, fatal = FALSE)
results2e$detectarea[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), TA1, fatal = FALSE)
results2e$detectareal[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), TA2, fatal = FALSE)
results2e$detectarea2[r+trt] <- ifelse(is.null(a), 0, area(a))
results2e$identarea[r+trt] <- area(idpoints)
ndist2e[[itr, ta, fg]] <- nncross(missedpoints[marks(missedpoints)>0],
edges(idboundary), what = dist)
g
g

9)
setTkProgressBar(pb, nsamp+1, label = Done)

invisible(close(pb))
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print(timing)

save(results2e, file = datasets/easy/results/easy_exp2results.RData )
save(ndist2e, file = datasets/easy/results/easy_exp2ndist.RData )
save(areas2e, file = datasets/easy/results/easy_exp2areas.RData )

A.2.3 Prior Information Experiment ( Medium Site), experiment2m.r

# North-South Transect sampling from the medium site,
# with twelve different sampling plans.

require(tcltk)

require(spatstat)

source( rfns/data_functions.r)

source( rfns/sampling_functions.r)

source( rfns/spatial_functions.r)

# Paths to command-line versions of GAMV and KT3D
gamv_exe <- gamv
kt3d_exe <- kt3d

# Paths to input/output

fulldir <- datasets/medium/full
sampdir <- datasets/medium/sample
outdir <- datasets/medium/exp2

## EXPERIMENT PARAMETERS

nreps <- 3000
nsamp <- 100# Takes about 60 hours

# Site parameters
width <- 6
bg.dens <- 100
r.dens <- 100
t.dens <- 200
a.dens <- 200

# Sampling plan parameters (treatments)
ta.prior <- ¢(Small, T1, A, Large)
fg.prior <- ¢(100, 200, 400)
spacings <- matrix(c(30, 70, 175, 320,
65, 135, 400, 780,
130, 315, 785, 1145), ncol = 3)
window.sizes <- 0.9 * c(424, 600, 1500, 2121)
ncells <- length(ta.prior) * length(fg.prior)
nobs <- nsamp * ncells

# True TAs and site

T1 <- ellipse(1000/2, 600/2, c(1558000, 540000), -pi/9)
T2 <- disc(800/2, ¢(1558300, 537500))

A <- disc(1500/2, c(1561200, 539200))

TAs <- union.owin(T1, T2, A)

78



sitewindow <- owin(poly = chind(x = c(1564294, 1564495, 1556870, 1557126),
y = c(535421, 541130, 541085, 535576)))
roadwindow <- intersect.owin(
dilation(psp(x0 = ¢(1559750, 1560000, 1560250, 1560700,
1560700, 1560000, 1558050),

y0 = ¢(535421, 536400, 536750, 537000,
537000, 537850, 538500),

x1 = ¢(1560000, 1560250, 1560700, 1564495,
1560000, 1558050, 1557550),

yl = ¢(536400, 536750, 537000, 538000,

537850, 538500, 538900),
window = boundingbox(sitewindow)),
25), sitewindow)

# Corners of site and number of discretized rows and columns
corners <- vertices(Frame(sitewindow))

xmin <- min(corners$x) + window.sizes / 12

ymin <- min(corners$y) + window.sizes / 12

nx <- ceiling(6 * (max(corners$x) - min(corners$x)) / window.sizes)
ny <- ceiling(é * (max(corners$y) - min(corners$y)) / window.sizes)

# Starting values for numerically estimating semivariogram parameters:

# There should not be a nugget because the simulation has no measurement
# error or microscale variation.
nug.start <- 0

# The number of anomlies in a window follows a Poisson distribution, and
# sites have little area occupied by TAs, so the expected number of

# background anomalies over the area squared (=density over area)

# is a natural starting point for the sill of the local density estimate.
sill.start <- bg.dens / (width*window.sizes/43560)

# The only locations that should be correlated are locations in the same TA,
# so set an initial range on the same order of magnitude as the TA sizes.
range.start <- 1000

# Basic starting point for power model:
slope.start <- 1
power.start <- 0.5

# SELECT THE SAMPLE
set.seed(73578)

seeds <- sample(2"32-1, nreps)-2"31
samp <- sample(nreps, nsamp)

## RESULT STORAGE
# Matrix to store all responses that are not vectors
results2m <- data.frame(expand.grid( Target = ta.prior,

fg = fg.prior,
Realization = samp),
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length numeric(ncells),

detect numeric(ncells),
detectl = numeric(ncells),
detect3 = numeric(ncells),
detect4 = numeric(ncells),
detect5 = numeric(ncells),

dens = numeric(ncells),
detectarea = numeric(ncells),
detectareal numeric(ncells),
detectarea3 = numeric(ncells),
detectarea4 = numeric(ncells),
detectarea5 = numeric(ncells),
identarea = numeric(ncells),
identcount = numeric(ncells))

# List of lists to store vectors of distances of false negatives to nearest
# delineated regions
ndist2m <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteQ(r, samp),
Target = pasteQ( Target, ta.prior),
fg = pasteO(fg, fg.prior)))

# List of lists to store vectors of areas of disjoint regions
areas2m <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteQ(r, samp),
Target = pasteQ( Target, ta.prior),
fg = pasteO(fg, fg.prior)))

# Loop for each realization
pb <- TkProgressBar(max = nsamp+1, min = 1, initial = 1,
titte = Sampling and Kriging,
label = Sampling and Kriging)
timing <- system.time(for(itr in seq_along(samp)) f
r <- (itr-1) * ncells
repl <- results2m$Realization[r+1]
set.seed(seeds]repl])
setTkProgressBar(pb, r, label = pasteO( Iteration , itr,
: Loading rep , repl))

# Read the ground truth file
load(file = sprintf( %s/medium_full_bg%03d_ro%03d_t%03d_a%03d_rep%04d.RData ,
fulldir, bg.dens, r.dens, t.dens, a.dens, repl))

# Loop for each treatment combination
for(trt in seq_len(ncells)) f
ta <- which(ta.prior==results2m$Target[r+trt])
fg <- which(fg.prior==results2m$fg[r+trt])
setTkProgressBar(pb, itr+trt/ncells,
label = pasteQ( Iteration , itr,
. Analyzing rep , repl,
with spacing , spacings[ta, fg]))

## SAMPLING
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# Sample along the transects, starting at a random horzontal coordinate
sample <- sample.transects.NS(site, width, spacings[ta, fg],
offset = runif(1, 0, spacings[ta, fg] + width/2))

# Save the sample

filepath <- sprintf( %s/medium_sample_t%s_p%03d_bg%03d_rep%04d ,
sampdir, ta.prior[ta], fg.prior[fg], bg.dens, repl)

write.anomaly(sample$anomaly, pasteO(filepath, .anomaly ))

write.cog(sample$cog, pasteO(filepath, .cog))

results2m$length[r+trt] <- sample$length

## KRIGING

# Evaluate local density in each window

datfile <- sprintf( %s/rep%04d_s%04d.dat, outdir, repl, spacings[ta, fg])
Idens <- windowed.density.NS(sample, window.sizes[ta])
write.geoeas(ldens, datfile, titte = Data exported from R)

# Create GAMV parameter file

gpar <- sprintf( %s/rep%04d_s%04d_g.par, outdir, repl, spacings[ta, fg])
gout <- sprintf( %s/rep%04d_s%04d_g.out, outdir, repl, spacings[ta, fg])
cat(gamv_par(datfile, gout, window.sizes[ta]), file = gpar)

# Run GAMV to compute empirical semivariogram
system2(gamv_exe, input = gpar, wait = TRUE)

# Read semivariogram and discard lags that were not estimated
svario <- read.table(gout, row.names = 1,
col.names = c(l, lag.dist, semivariogram,
n, tail.Lmean, head.mean),
header = FALSE, skip = 3)
svario <- svario[svario$n>0,]

# Fit parametric semivariograms
params <- list( sphere = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.sphere, lower = c¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.expon, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
gauss = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.gauss, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
power = optim(c(nug.start, slope.start, power.start),
sv.wss, lags = svario$lag.dist,

expon
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n = svario$n, ghat = svario$semivariogram,
model = sv.power, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, 2),

method = L-BFGS-B))

# Find the model with the smallest sum of squares
# The indices match GSLIB s model type numbers
type <- order(sapply(params, function(x) freturn(x$value) g))[1]

# Create KT3D parameter file

kpar <- sprintf( %s/rep%04d_s%04d_k.par, outdir, repl, spacings[ta, fg])

kout <- sprintf( %s/rep%04d_s%04d_k.out, outdir, repl, spacings[ta, fg])

kdbg <- sprintf( %s/rep%04d_s%04d.dbg, outdir, repl, spacings[ta, fg])

cat(kt3d_par(datfile, kdbg, kout, nx[ta], ny[ta], xmin[ta], ymin[ta],
window.sizes[ta], params|[type]]$par[1],
params([type]]$par(2], params][type]]$par(3], type),

file = kpar)

# Run KT3D to do the kriging
# Note: Value of -999 indicates that the value that was not computed
system2(kt3d_exe, input = kpar, wait = TRUE)

## ANALYSIS

## Read and clean KT3D output

krige.out <- read.geoeas(kout)

krige.out[krige.out$Estimate == -999,] <- rep(NA, 2)

krige.out$EstimationVariance[krige.out$EstimationVariance < 0] <- 0

kest <- im(matrix(krige.out$Estimate, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seq(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unitname = c(foot, feet))

kvar <- im(matrix(krige.out$EstimationVariance, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seq(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unithame = c(foot, feet))

# Get the delineated regions, if there are any
highdens <- kest > bg.dens + gnorm(0.95) * sqrt(kvar)
if(sum(highdens) > 0) f
identified <- connected(highdens, background = FALSE)
areas2m[[itr, ta, fg]] <- sapply(levels(identified$v), function(x) f
return(area(Window(connected(identified==x,
background = FALSE))[sitewindow]))
g)

# Ignore regions less than 3 acres
ignore <- which(areas2m[]itr, ta, fg]] < 3*43560)
areas2m([itr, ta, fg]]lignore] <- NA
results2m$identcount[r+trt] <- sum(lis.na(areas2m([itr, ta, fg]l))
for(i in ignore) f
identified$v[identified$v==i] <- NA
g
()
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if(results2m$identcount[r+trt] > 0) f
idboundary <- as.polygonal(Window(identified))[sitewindow]
idpoints <- site
Window(idpoints) <- idboundary
missedpoints <- site
Window(missedpoints) <- complement.owin(idboundary,
frame = dilation(Frame(sitewindow), window.sizes[ta]))

results2m$detect[r+trt] <- sum(marks(idpoints)>2) / sum(marks(site)>2)
results2m$detectl[r+trt] <- sum(marks(idpoints)==1) / sum(marks(site)==1)
results2m$detect3[r+trt] <- sum(marks(idpoints)==3) / sum(marks(site)==3)
results2m$detect4[r+trt] <- sum(marks(idpoints)==4) / sum(marks(site)==4)
results2m$detect5[r+trt] <- sum(marks(idpoints)==5) / sum(marks(site)==5)
results2m$dens[r+trt] <- sum(marks(idpoints)>0) / area(idpoints) * 43560
a <- intersect.owin(Window(idpoints), TAs, fatal = FALSE)
results2m$detectarea[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), roadwindow, fatal = FALSE)
results2m$detectareal[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), T1, fatal = FALSE)
results2m$detectarea3[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), T2, fatal = FALSE)
results2m$detectaread|r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), A, fatal = FALSE)
results2m$detectarea5[r+trt] <- ifelse(is.null(a), 0, area(a))
results2mSidentarea[r+trt] <- area(idpoints)
ndist2m([[itr, ta, fg]] <- nncross(missedpoints[marks(missedpoints)>0],
edges(idboundary), what = dist)
g
g

9)
setTkProgressBar(pb, nsamp+1, label = Done)

invisible(close(pb))
print(timing)

save(results2m, file = datasets/medium/results/medium_exp2results.RData )
save(ndist2m, file = datasets/medium/results/medium_exp2ndist.RData )
save(areas2m, file = datasets/medium/results/medium_exp2areas.RData )

A.2.4 Prior Information Experiment ( Hard Site), experiment2h.r

# North-South Transect sampling from the hard site,
# with twelve different sampling plans.

require(tcltk)

require(spatstat)

source( rfns/data_functions.r)

source( rfns/sampling_functions.r)

source( rfns/spatial_functions.r)

# Paths to command-line versions of GAMV and KT3D
gamv_exe <- gamv
kt3d_exe <- kt3d

# Paths to input/output
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fulldir <- datasets/hard/full
sampdir <- datasets/hard/sample
outdir <- datasets/hard/exp2

## EXPERIMENT PARAMETERS

nreps <- 3000
nsamp <- 100# Takes about 60 hours

# Site parameters

width <- 6

bg.mu <- 50

bg.kappa <- 2

bg.dens <- bg.mu * bg.kappa
bg.scale <- 75

r.dens <- 100

ra.dens <- 100

t.dens <- 200

a.dens <- 200

# Sampling plan parameters (treatments)
ta.prior <- c¢(Small, T1, A, Large)
fg.prior <- ¢(100, 200, 400)
spacings <- matrix(c(30, 70, 175, 320,
65, 135, 400, 780,
130, 315, 785, 1145), ncol = 3)
window.sizes <- 0.9 * c¢(424, 600, 1500, 2121)
ncells <- length(ta.prior) * length(fg.prior)
nobs <- nsamp * ncells

# True TAs and site
T1 <- ellipse(1000/2, 600/2, c(1558000, 540000), -pi/9)
T2 <- disc(800/2, ¢(1558300, 537500))
A <- disc(1500/2, ¢(1561200, 539200))
TAs <- union.owin(T1, T2, A)
sitewindow <- owin(poly = chind(x = ¢(1564294, 1564495, 1556870, 1557126),
y = c(535421, 541130, 541085, 535576)))
roadwindow <- intersect.owin(
dilation(psp(x0 = ¢(1559750, 1560000, 1560250, 1560700,
1560700, 1560000, 1558050),

y0 = ¢(535421, 536400, 536750, 537000,
537000, 537850, 538500),

x1 = ¢(1560000, 1560250, 1560700, 1564495,
1560000, 1558050, 1557550),

yl = ¢(536400, 536750, 537000, 538000,

537850, 538500, 538900),
window = boundingbox(sitewindow)),
25), sitewindow)
ranchwindow <- owin(c(1561300, 1562100), c¢(537900, 538700))

# Corners of site and number of discretized rows and columns
corners <- vertices(Frame(sitewindow))

xmin <- min(corners$x) + window.sizes / 12

ymin <- min(corners$y) + window.sizes / 12
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nx <- ceiling(6 * (max(corners$x) - min(corners$x)) / window.sizes)
ny <- ceiling(é * (max(corners$y) - min(corners$y)) / window.sizes)

# Starting values for numerically estimating semivariogram parameters:

# There should not be a nugget because the simulation has no measurement
# error or microscale variation.
nug.start <- 0

# The number of anomlies in a window follows a Poisson distribution, and
# sites have little area occupied by TAs, so the expected number of

# background anomalies over the area squared (=density over area)

# is a natural starting point for the sill of the local density estimate.
sill.start <- bg.dens / (width*window.sizes/43560)

# The only locations that should be correlated are locations in the same TA,
# so set an initial range on the same order of magnitude as the TA sizes.
range.start <- 1000

# Basic starting point for power model:
slope.start <- 1
power.start <- 0.5

# SELECT THE SAMPLE
set.seed(67623)

seeds <- sample(2”32-1, nreps)-2"31
samp <- sample(nreps, nsamp)

## RESULT STORAGE

# Matrix to store all responses that are not vectors
results2h <- data.frame(expand.grid( Target = ta.prior,
fg = fg.prior,
Realization = samp),

length = numeric(ncells),
detect = numeric(ncells),
detectl = numeric(ncells),
detect2 numeric(ncells),
detect3 = numeric(ncells),
detect4 = numeric(ncells),
detect5 = numeric(ncells),
dens = numeric(ncells),
detectarea = numeric(ncells),
detectareal = numeric(ncells),
detectarea2 = numeric(ncells),
detectarea3 = numeric(ncells),
detectarea4 = numeric(ncells),
detectarea5 = numeric(ncells),
identarea = numeric(ncells),
identcount = numeric(ncells))

# List of lists to store vectors of distances of false negatives to nearest
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# delineated regions
ndist2h <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteO(r, samp),
Target = pasteQ( Target, ta.prior),
fg = pasteO(fg, fg.prior)))

# List of lists to store vectors of areas of disjoint regions
areas2h <- array(list(), dim = c(nsamp, length(ta.prior), length(fg.prior)),
dimnames = list( Realization = pasteO(r, samp),
Target = pasteQ( Target, ta.prior),
fg = pasteO(fg, fg.prior)))

# Loop for each realization
pb <- TkProgressBar(max = nsamp+1, min = 1, initial = 1,
titte = Sampling and Kriging,
label = Sampling and Kriging)
timing <- system.time(for(itr in seq_along(samp)) f
r <- (itr-1) * ncells
repl <- results2h$Realization[r+1]
set.seed(seeds[repl])
setTkProgressBar(pb, r, label = pasteO( Iteration , itr,
: Loading rep , repl))

# Read the ground truth file
load(file = sprintf( %s/hard_full_k%02d_s%03d_m%03d_ro%03d_ra%03d_t%03d_a%03d_rep%04d.RData ,
fulldir, bg.kappa, bg.scale, bg.mu, r.dens, ra.dens, t.dens, a.dens, repl))

# Loop for each treatment combination
for(trt in seq_len(ncells)) f
ta <- which(ta.prior==results2h$Target[r+trt])
fg <- which(fg.prior==results2h$fg[r+trt])
setTkProgressBar(pb, itr+trt/ncells,
label = pasteO( Iteration , itr,
. Analyzing rep , repl,
with spacing , spacings[ta, fg]))

## SAMPLING

# Sample along the transects, starting at a random horzontal coordinate
sample <- sample.transects.NS(site, width, spacings[ta, fg],
offset = runif(1, 0, spacings[ta, fg] + width/2))

# Save the sample

filepath <- sprintf( %s/hard_sample_t%s_p%03d_rep%04d ,
sampdir, ta.prior[ta], fg.prior[fg], repl)

write.anomaly(sample$anomaly, pasteO(filepath, .anomaly ))

write.cog(sample$cog, pasteO(filepath, .cog))

results2h$length[r+trt] <- sample$length

## KRIGING

# Evaluate local density in each window
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datfile <- sprintf( %s/rep%04d_s%04d.dat, outdir, repl, spacings[ta, fg])
Idens <- windowed.density.NS(sample, window.sizes[ta])
write.geoeas(ldens, datfile, titte = Data exported from R)

# Create GAMV parameter file

gpar <- sprintf( %s/rep%04d_s%04d_g.par, outdir, repl, spacings|ta, fg])
gout <- sprintf( %s/rep%04d_s%04d_g.out, outdir, repl, spacings|ta, fg])
cat(gamv_par(datfile, gout, window.sizes[ta]), file = gpar)

# Run GAMV to compute empirical semivariogram
system2(gamv_exe, input = gpar, wait = TRUE)

# Read semivariogram and discard lags that were not estimated
svario <- read.table(gout, row.names = 1,
col.names = c(|, lag.dist, semivariogram,
n, tail.Lmean, head.mean),
header = FALSE, skip = 3)
svario <- svario[svario$n>0,]

# Fit parametric semivariograms
params <- list(sphere = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.sphere, lower = c(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
expon = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.expon, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
gauss = optim(c(nug.start, sill.start[ta], range.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.gauss, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, Inf),
method = L-BFGS-B),
optim(c(nug.start, slope.start, power.start),
sv.wss, lags = svario$lag.dist,
n = svario$n, ghat = svario$semivariogram,
model = sv.power, lower = ¢(0, 0.0001, 0),
upper = c(Inf, Inf, 2),
method = L-BFGS-B))

power

# Find the model with the smallest sum of squares
# The indices match GSLIB s model type numbers
type <- order(sapply(params, function(x) freturn(x$value) g))[1]

# Create KT3D parameter file

kpar <- sprintf( %s/rep%04d_s%04d_k.par, outdir, repl, spacings[ta, fg])

kout <- sprintf( %s/rep%04d_s%04d_k.out, outdir, repl, spacings[ta, fg])

kdbg <- sprintf( %s/rep%04d_s%04d.dbg , outdir, repl, spacings[ta, fg])

cat(kt3d_par(datfile, kdbg, kout, nx[ta], ny[ta], xmin[ta], ymin[ta],
window.sizes[ta], params[[type]]$par[1],
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params|[type]]$par(2], params|[type]]$par(3], type),
file = kpar)

# Run KT3D to do the kriging
# Note: Value of -999 indicates that the value that was not computed
system2(kt3d_exe, input = kpar, wait = TRUE)

## ANALYSIS

## Read and clean KT3D output

krige.out <- read.geoeas(kout)

krige.out[krige.out$Estimate == -999,] <- rep(NA, 2)

krige.out$EstimationVariance[krige.out$EstimationVariance < 0] <- 0

kest <- im(matrix(krige.out$Estimate, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seq(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unitname = c(foot, feet))

kvar <- im(matrix(krige.out$EstimationVariance, nrow = ny[ta], byrow = TRUE),
seq(xmin[ta], length.out = nx[ta], by = window.sizes[ta]/6),
seqg(ymin[ta], length.out = ny[ta], by = window.sizes[ta]/6),
unithame = c(foot, feet))

# Get the delineated regions, if there are any
highdens <- kest > bg.dens + gnorm(0.95) * sqrt(kvar)
if(sum(highdens) > 0) f
identified <- connected(highdens, background = FALSE)
areas2h[[itr, ta, fg]] <- sapply(levels(identified$v), function(x) f
return(area(Window(connected(identified==x,
background = FALSE))[sitewindow]))
9

# Ignore regions less than 3 acres
ignore <- which(areas2h[[itr, ta, fg]] < 3*43560)
areas2h[[itr, ta, fg]]lignore] <- NA
results2h$identcount[r+trt] <- sum(lis.na(areas2h(itr, ta, fgl]))
for(i in ignore) f
identified$v[identified$v==i] <- NA
9

g
if(results2h$identcount[r+trt] > 0) f
idboundary <- as.polygonal(Window(identified))[sitewindow]
idpoints <- site
Window(idpoints) <- idboundary
missedpoints <- site
Window(missedpoints) <- complement.owin(idboundary,
frame = dilation(Frame(sitewindow), window.sizes[ta]))

results2h$detect[r+trt] <- sum(marks(idpoints)>2) / sum(marks(site)>2)

results2h$detectl[r+trt] <- sum(marks(idpoints)==1) / sum(marks(site)==1)
results2h$detect2[r+trt] <- sum(marks(idpoints)==2) / sum(marks(site)==2)
results2h$detect3[r+trt] <- sum(marks(idpoints)==3) / sum(marks(site)==3)
results2h$detect4[r+trt] <- sum(marks(idpoints)==4) / sum(marks(site)==4)
results2h$detect5[r+trt] <- sum(marks(idpoints)==5) / sum(marks(site)==5)
results2h$dens[r+trt] <- sum(marks(idpoints)>0) / area(idpoints) * 43560
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a <- intersect.owin(Window(idpoints), TAs, fatal = FALSE)
results2h$detectarea[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), roadwindow, fatal = FALSE)
results2h$detectareal[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), ranchwindow, fatal = FALSE)
results2h$detectarea2[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), T1, fatal = FALSE)
results2h$detectarea3[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), T2, fatal = FALSE)
results2h$detectaread[r+trt] <- ifelse(is.null(a), 0, area(a))
a <- intersect.owin(Window(idpoints), A, fatal = FALSE)
results2h$detectarea5[r+trt] <- ifelse(is.null(a), 0, area(a))
results2h$identarea[r+trt] <- area(idpoints)
ndist2h[[itr, ta, fg]] <- nncross(missedpoints[marks(missedpoints)>0],
edges(idboundary), what = dist)
g
g

9)
setTkProgressBar(pb, nsamp+1, label = Done)

invisible(close(pb))
print(timing)

save(results2h, file = datasets/hard/results/hard_exp2results.RData )
save(ndist2h, file = datasets/hard/results/hard_exp2ndist.RData )
save(areas2h, file = datasets/hard/results/hard_exp2areas.RData )

A.3 Miscellanea

A.3.1 Detection Probability Curves, spacings.r

# Create several detection probability curves for the small TA at the easy site
require(RDCOMClient)

nreps <- 10
window.sizes <- ¢(80, 160, 400, 640, 720, 1000, 1500)
min.spacing <- 1
max.spacing <- 600
probs <- data.frame( spacing = min.spacing:max.spacing,
matrix(numeric(),
nrow = length(min.spacing:max.spacing),
ncol = length(window.sizes) * nreps))
colnames(probs)[-1] <- pasteO(w, rep(window.sizes,
rep(nreps, length(window.sizes))),
., rep(1:nreps, length(window.sizes)))
major.diam <- 1200
minor.diam <- 800
fg.dens <- 200
bg.dens <- 100
width <- 6

# Start VSP
vsp <- COMCreate( VSample.Document)
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pb <- winProgressBar(titte = Computing Detection Probabilities ,
label = Computing Detection Probabilities ,
min = 1, max = length(window.sizes)+1, initial = 1)
for(w in window.sizes) f
for(i in l:nreps) f
setWinProgressBar(pb, which(window.sizes==w)+(i-1)/nreps,
label = pasteO(w, foot window, rep , i)

# If this function returns a positive integer, that number is the index of
# the argument that it didnt like
vsp$Plan()$UXOPowerCurveS(width, # xsect width

0, # map units (feet = 0)

0, # xsect pattern (parallel = 0)

fg.dens, # fg density

3, # density units (per acre = 37?)

2, # density at (center = 2?)

3, # swath ratio

major.diam/2, # target radius

minor.diam/major.diam,  # target shape

TRUE, # random angle

0, # angle

bg.dens, # bg density

1, # 1-false negative rate

0.05, # alpha

w, # window length

0.03, # min precision

0.01, # max error

min.spacing, # min spacing

max.spacing, # max spacing

TRUE)# bivariate normal?

probs[,pasteO(w, w, ., i)] <- sapply(probs$spacing, function(x) f
vsp$Plan()$UXOPowerCurveY(x)
9
)

g
setWinProgressBar(pb, length(window.sizes)+1, label = Done)
close(pb)
# Close VSP

vsp$Window()$Close( VSampll)

save(probs, file = datasets/plan/detectionprobs.RData )

A.3.2 Functions for Reading and Writing Data Files, data _functions.r

# Write VSP anomaly files
write.anomaly <- function(data, file, col.names = TRUE, row.names = FALSE) f
return(write.table(data, file, row.names = row.names, col.names = col.names,
quote = FALSE, sep = ,))
g

# Read VSP anomaly files
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read.anomaly <- function(file, header = TRUE, sep = ,, ...) f
return(read.table(file = file, header = header, sep = sep, ...))
g

# Write VSP cog files
write.cog <- function(data, file, col.names = TRUE, row.names = FALSE) f
return(write.table(data, file, row.names = row.names, col.names = col.names,
quote = FALSE, sep = ,))
g

# Read and write GeoEAS files such as used by GAM/GAMV and KT3D
read.geoeas <- function(file) f
header <- readLines(file, n = 2)
headstr <- strsplittheader[2], )[[1]]
headstr <- headstr[headstr!= ]
ncol <- as.numeric(headstr[1])
header2 <- readLines(file, n = 2 + ncol)
cnames <- make.names(header2[2+(1:ncol)])
return(read.table(file = file, col.names = cnames, skip = 2 + ncol))
g
write.geoeas <- function(data, file, title = file) f
cat(c(title, length(colnames(data)), colnames(data)), sep = nn, file = file)
return(write.table(data, file = file,
row.names = FALSE, col.names = FALSE, append = TRUE))

A.3.3 Functions for Spatial Models, spatial _functions.r

# Bivariate Normal kernel
# a is horizontal axis, b is vertical axis, r is rotation angle
gauss.elliptic <- function(x, y, mux = 0, muy = 0, s.a = 1, s.b = 1,
r = 0, maxrate = 1) f
rot <- zapsmall(matrix(c(cos(r), sin(r), -sin(r), cos(r)), nrow = 2))
ab <- diag(c(s.a2, s.b"2))
sigma <- rot %*% ab %*% t(rot)
siginv <- solve(sigma)
mu <- matrix(c(mu.x, mu.y), nrow = 2)
mat <- matrix(rbind(x, y), nrow = 2)

return(maxrate * apply(mat, 2, function(vec) f
exp(-t(vec - mu) %*% siginv %*% (vec - mu) / 2)
9)

# Parametric semivariograms
# h is the lag distance, theta = c(nugget, sill, range)
# ghat is empirical semivariogram, lags is a vector of lag distances

# Spherical
sv.sphere <- function(h, theta) f
return(theta[2] * ifelse(h<theta[3], (1.5*h/theta[3]-0.5*(h/theta[3])"3), 1))

g
# Exponential
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sv.expon <- function(h, theta) f
return(theta[2] * (1 - exp(-3*h/theta[3])))

g

# Gaussian

sv.gauss <- function(h, theta) f
return(theta[2] * (1 - exp(-(3*h/theta[3])"2)))

g

# Power

# theta[2] is slope, theta[3] is exponent

sv.power <- function(h, theta) f
return(theta[2] * h”theta[3])

g

# OLS objective function

sv.ss <- function(theta, lags, ghat, model) f
theta <- ifelse(theta>0, theta, 0)
return(sum((ghat-theta[1]-sapply(lags, model, theta = theta))"2))

g

# WLS objective function

sv.wss <- function(theta, lags, n, ghat, model) f
theta <- ifelse(theta>0, theta, 0)
return(sum(n/2*(ghat/(theta[1]+sapply(lags, model, theta = theta))-1)"2))

g

A.3.4 Functions Used in Sampling and Analysis, sampling _functions.r

# Take a sample along evenly-spaced transects going north-south
sample.transects.NS <- function(data, width, spacing, offset = 0) f
first <- min(vertices(Frame(data))$x) + width/2 + offset
last <- max(vertices(Frame(data))$x) - width/2
bottom <- min(vertices(Frame(data))$y)
top <- max(vertices(Frame(data))$y)
x <- seq(first, last, spacing+width)

xsect <- do.call(union.owin, lapply(x, function(i) f
owin(c(i-width/2, i+width/2), c(bottom, top))
9)

sample.cog <- data.frame(x = sort(rep(x, 2)),
y = rep(c(bottom-width, top+width,
top+width, bottom-width),
ceiling(length(x)/2))[1:(2*length(x))])
sample.data <- data
Window(sample.data) <- intersect.owin(xsect, Window(data))
ybd <- sapply(x, function(i) f
return(range(crossing.psp(
edges(sample.data),
psp(x0 =i, x1 =i, y0O = min(sample.cogdy), y1 = max(sample.cog$y),
window = owin(c(i-1, i+1), range(sample.cog$y))))$y))
9
sample.length <- sum(ybd[2,]-ybd[1,])
return(list( anomaly = sample.data,
cog = sample.cog,
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length = sample.length))
g

# Compute the density in one window
local.density <- function(center, data, winsize) f
new.win <- intersect.owin(Window(data),
disc(radius = winsize/2, centre = center))
Window(data) <- new.win
return(npoints(data)/area(new.win))

g

# Compute the density in evenly-spaced windows centered along transects
windowed.density.NS <- function(data, winsize) f
X <- unigue(data$cog$x)
ybd <- sapply(x, function(i) f
return(range(crossing.psp(
edges(data$anomaly),
psp(x0 = i, x1 = i, yO = min(data$cog$y), yl = max(data$cogdy),
window = owin(c(i-1, i+1), range(data$cog$y))))$y))
9
y <- lapply(seq_len(ncol(ybd)), function(i) f
return(seq(min(ybd([,i]), max(ybd[,i]), winsize/6))
9
centers <- chind(X = rep(x, sapply(y, length)), Y = unlist(y))
return(data.frame(centers, Z = 0,
density = 43560 * apply(centers, 1, local.density,
data = data$anomaly, winsize = winsize)))

g

# Par file templates
gamv_par <- function(dat, out, win) f
return(paste0( Parameters for GAMV

*kkkkkkkkkkkkkkkkkk

START OF PARAMETERS:

, dat, nnfile with data

1 2 0 nn columns for X, Y, Z coordinates
1 4 nn number of variables,col numbers
-1.0e+21 1.0e+21 nn trimming limits

, out, nnfile for variogram output
36 nnnumber of lags

, win/6, nnlag separation distance

, win/12, nnlag tolerance

1 nnnumber of directions

0.00 90.00 7625.00 0.00 90.00 50.00 nnazm,atol,bandh,dip,dtol,bandv

0 nnstandardize sills? (0=no, 1l=yes)

1 nnnumber of variograms

1 1 1 nntail var., head var., variogram type

)
)

g

kt3d_par <- function(dat, dbg, out, nx, ny, xmin, ymin, win,

nug, sill, range, type) f

return(paste0( Parameters for KT3D

kkkkkkkkkkkkkkkkkkk
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START OF PARAMETERS:

, dat, nnfile with data
01 2 0 40 nn columns for DH,X,Y,Z,var,sec var
-1.0e21  1.0e21 nn  trimming limits
0 nnoption: O=grid, 1=cross, 2=jackknife
nodata nnfile with jackknife data
1 2 0 4 0 nn columns for X,Y,Z,vr and sec var
1 nndebugging level: 0,1,2,3

, dbg, nnfile for debugging output

, out, nnfile for kriged output

, NX, , Xmin, , win/6, nnNNx,Xxmn,xsiz

, ny, , ymin, , win/6, nnny,ymn,ysiz
1 0.5 1.0 nnnz,zmn,zsiz
1 1 1 nnx,y and z block discretization
2 50 nnmin, max data for kriging
8 nnmax per octant (0-> not used)

, win*2, , win*2, 0.0 nnmaximum search radii

00 00 0.0 nnangles for search ellipsoid
1 0 nn0=SK,1=0K,2=non-st SK,3=exdrift
000000O0O0OO nndrift: Xx,y,z,XX,yY,Zz,Xy,XZ,zy
0 nnO, variable; 1, estimate trend
nodata nngridded file with drift/mean
4 nn column number in gridded file
1 , nug, nnnst, nugget effect

, type, , sill, 0.0 00 0.0 nnit,cc,angl,ang2,ang3

, range, , range, 0.0 nna_hmax, a_hmin, a_vert
)
)

g
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