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1. INTRODUCTION

1.1BACKGROUND

The Southern High Plains and Permian Basin an@-arid regions compes! of
sandy loam soils (Holliday, 1990) and known for the large amount of oil reserves. Over
the past decade, heavy development due to oil and gas exploration has resulted in habitat
loss and landscape fragmentation, both of whigbeich biodiversity. Addionally, the
more recent implementation of hydraulic fracturing has created a market to use local sand
and has accelerated construction of large sand plants and sand mines thrdweghout t

region.

The dunes sagebrush lizard (DS&€loporus arenicolyss an endemic species
to this region of southeastern New Mexico and West Texas. The DSL is a habitat
specialist because of its preferencdtoeblowouts in shinnery dune habitat (Fiezgld,
1997). A dune blowout is formed when a@ovsfrom wind creates bowl-shaped
depression (Dzialak, 2013) and blowout features are characterized by large depressions
that develop as sand is eroded from the windward slope and crest of a sand dune and
deposited on the leeward slope as a depositiobal (Pethick, 1984; Hp, 2002).
Accurate identification of dunlandscapeés critical for understanding the spatial

distribution of potential DSL habitat.

Remote sensing analysis is a common method to identify land cover and
associated landscape feasiand has potential &d in identification of land covers
relevant to the DSL. However, classification accuracies are oftentimes dependent on the

spatial rsolution of the data as well as the classification method used for analysis. For



example, high olution imagery exhilbé higher levels of detailed features which may
cause the classification to identify features incorrectly (Myint, 20BXel-based
classifications can be accurate, but with high resolution imagemsl-based

classification methds confusespectrally smilar featuresvhich become difficult to
differentiate relative to the size of a pixel and spatial extent of the landscape feature
(Dzialak, 2013). In general, as spatial resolution increases, the spectral response from
certain feaires may be difficultd identify because pixddased methods only use

spectral information and may misidentify a group of pixels that should be grouped

togetter as one object (Myint, 2010).

Objectbasedmage analysis (OBIAglassification is used in reste sensing to
partition the imagery into meaningful imagkjects and assess their characteristics
through spatiaandspectrakcaleqChen et. al 2012)mplementing an objedbased
approach for classification uses segmentation to produce homogenecistbibt are
then clasified as a group of pixel®epending on the environment being classified,
parameterare adjusted to accoufatr spectral, shape, syt and context characteristics
of the segments to classify based on land cover classes. €bttoseand combinatioof
suitable objects for identification for an objdxased classification depends on the
specificland cover classe$he analyst mustentify land cover training sites to which
the objectbased iterative process will configure higels into objects thashare similar
values. Once these objects have been grouped the analyst can identify which objects
belong to each land cover clagéith increased spatial resolution the potential for OBIA

to outperform pixebased will become an ogrring theme acrossmete sensing.



According to Blaschké2010, numerous studieshowwhere OBIA has produde
better classification accurnascompared to gixel-based approach. These studies
indicated that being able to incorporate spatial photopregve elements (i.etexture,
context, shape) into their segments allowed for bé&ttgureidentification (Hay and
Castilla, 2006). As stated earlier, pbbased image classifications organize pixels based
solely on spectral signatures which can leadpectral mixingGiventhe heterogeneity
of ideal DSL habitat and the broad&puthern High Plains and Permian Basin
ecoregions, accurate landscape clasgibn may benefit frontexture, shape, or

elevationinputs during the classification process.

1.2PROBLEMSTATEMENT

This research focuses on habikssificationfor the dunes sagebrush lizaizle
to the dynamic nature of sand dunéess impartant to know the land cover and lanse
(LULC) for this region Dune fields exhibit a shifting dynamby which dmes emerge
and recede over time due to various factors such as prevailing wind, shQueakys
havardii) encroachmengnd anthropogenic development such as sand plants and well
pads. Additionally, activity for the clearing of shin oak éatiche roaglacement and
well pad construction has caused the dunes to be more dynamic, potentially isolating the
DSL through habitefragmentation (Fitzgerald, 2012). Leavitt (2013) demonstrated that
increased fragmentation in the region has contribtaeDSL commnity disassembly.
Using image classification, we will classify the LULC and develop a model that will use
the classificiion to determine potential DSL habitat. Being able to locate potential sites
of where DSL may inhibit is crucial in trygnto halt deelopment that could devastate

this ecosystem.



1.3RESEARCHOBJECTIVES

The purpose of this research is to compare twlerdiht classification methods,
pixel- and objectbased, to determine which method accurately classifies LULC across

this region. Tocarry out this comparison, the following objectives will be addressed:

1. Produce a pixebased classification dMational Agricultural Imagery

Program NAIP) imagery using supervised classification.

2. Produce an objediased classification of NP imagey.

3. Calculate accuracy assessments for both map products.

4. Compare classification accuracies to determine which metadodrps
best.

1.4SIGNIFICANCE

This is a comparative study examine how various classification methods can be
used to ientify suitable DSLhabitat Producing high accuracy land cover classifications
is necessary to accurately map the extent of suitedtigat for the DSL. The use of both
objectbased and pixdbased image classifications to analyze this region will peoaid
gpatial assessment of the distribution, extent and composition of important landscape

features (Dzialak, 2013).



2. LITERATURE REVIEW

2.1REMOTE SENSING METHODS FOR LAND COVER CLASSIFICATION

Over the past two decades the need to extract tangible gfomfirom remotely
sensed data has increasgdadily This is due in part to the incredsavailability of
satellite data collecteftom satellite families such dsandsatsatellite systemSPOT
satellite system, and Sentinel satellites to name a Y¥ith new satellites beinigunched
(i.e. LandsaB (2013) Sentinell (2014), Worldview3 (2014)) andncrease spatialand
radiometricresolutiors, new applications to characterize and monitor land cover have been
identified (Blaschke et al., 2009). Themands for environmental monitoringssessing
and meetingonservation goals, spatial planning, and es@sgoriented natural resource
management have led to timereasedncorporation of remote sensing data to help with
these efforts.

With anthropogem land-use/landcover change proceeding much faster than
natural change, this has become an environmeatalern worldwide. Understanding the
distribution and dynamics of land cover is crucial to gain a better understanding of the
eart hdéds f u mcteastite and gprocessek, ancluding productivity of the land,
diversity of plant and animal species, ddgeochemical and hydrological cycles (Giri,
2012). The need for better lawdver information is being addressed by several national
and internatiod programs interested in larchange science. The United States Global
Change Research Program (USGCRBYe identified five strategic questions that are
important for future research on land cover and Jemver change (Giri, 2012). These

guestions inclde: 1)What tools and methods can be applied to better characteriaeskand



and landcover?, 2) What arine primary drivers of landseland-cover change?, 3) What

will the landuse and lan@over patterns and characteristics be-B05/ears?, 4) How do

climate variability and change affect land use and land cover, and what are the potential
feedbacks of dinges in land use and land cover to climate?, and 5) What are the
environmental, social, economic, and human health consequences of current ana potenti
landuse and landover change over the next59 years? (Giri, 2012). Addressing
guestions like thesen an environment that is experiencing rapidly increasing

ant hhropogenic devel opment can hel p guide
guestions.

Land-cover classifications using rembtesensed data is an abstract representation
of features of the réavorld using classes to group them based on their relationships (Giri,
2012). Aside from Arctic and Antarctic landscapes and deserts, most surfacasvared
by vegetation. Therefore, many studies investigating-weér using remote sensing
classifiation areanalysingsome form of vegetation in their study af@a Gregorio and
O 06 Br i e nLand-2o0et ckajsification schemes are generalizedflect specific needs
of the data producer or areas of interest. Langa lanecover mapping applicatits can
use theAnderson landise and landover classification system that meets the needs of U.S.
agencies, but there is no internationally accepppioach (Franklin and Wulder, 2002).
The Anderson land use and land cover classification system wdsepkav¢o set specific
standardsand guidelinego be followed when analysing land use and land coMeis
system also defined how to categorize ddfedand covers and what constituted them to

thoseclasses.



Land use andand coverclassificationshave been transformed into a panacea for
land inventory and has been adopted by a wide range of dissiploenber et al. 2005).
A study done by Weiss et.42003) looked at land cover over long time scales in-semi
arid ecosystems to detect climate variation effects on vegetation. Using Advanced Very
High-ResolutionRadiometer (AVHRR) data they calculated tNormalized Difference
Vegetation Index (NDVI) todetect areas of vegetated surfaces. Regarding-as@mi
environments, vegetation canopies do not achieve complete coverage, making NDVI
susceptible to the spectral influence of the soil in gaps betweetatieg (Weiss et al.,
2003). A study done by Gio et al., (2015) looked at (LULQ@)Jassificationausing five
different methods it deteced change using Landsahematic MapperThese methods
included: traditional postlassification crossabulation,crosscorrelation analysis, neural
networks, knowddgebased expert systems, and image segmentation and-obgted
classification. They wanted to compare the results from each method to see how each
methodidentified LULC and how well eagperformed in identifying change using multi
temporal imageryTheir study showed that a comparison between several methods to
identify LULC change could be applied, but that no single best method was identified.

Using remotely sensed data to monitor fundatal processes of landscape change
has been implemented fower five decade and mage analysis applied to landscape
ecological questions, species conservatiand other sustainability efforts has been
growing (Pasher et al. 2007Landscape analyseseaconcerned with how changes in
landscape scale, resolutioand classification can have complex consequences for
landscape pattern, analysis, and interpretation (Comber et al. B¥Bhte sensing for

landscape planning can be applied for multiple puwpothat can include targeting



locations for reclamation, idéfying important areas for connectivity of a species, or
focusing on areas where human activity is encroaching on monitored habitat.

2.2 REMOTESENSING OF DUNE HABITATS

Understanding the dynamic$ @une lands for habitat conservation ¢eeip with
monitoring endemic species movement throughoait region Moreover, mage
classificatiorallows for identification of how soil interacts with vegetation where endemic
species can be found throughout anrergcosysten(Dzialak et al. 2012)Monitoring of
dunelandscapes requires an understanding thange can occur gradually or rapidly
depending on certain factors thegn be assessed when it comes to environmental and
habitat conservation (Boyaci etz015).

According to Hesp et a{2002, dune blowouts @&saucer, cup or troughshaped
depressiosor hollows formed by wind erosion on a pexisting sand deposit. Dunes are
susceptible to a multitude of factors that can contribute to the initiatibeafming a
blowout including: topographic acceleratidrairflow over the dune crest, climate change,
vegetation variation in space or vegetation clearance over time, high velocity wind erosion,
and human activity (Hesp et ,@2002). The main factors otributing to blowouts irthe
Permian Basin region invadvhuman development (oil and gas exploration) and high
velocity wind erosion which can be attributed to the sparse vegetation cover on the dune
crest.

The literatureelated taclassification of dune landscapesnostly focused around
coastal dune feates,and few publications focus aemitarid regions where dunes occur

inland, although Jewell et al. (2014) suggests thatsame effects that would occur inland,



such as humaactivity near dune featuresay increase the number of dune blowoins
eacharea.
2.3LANDSCAPE STUDIES SPECIFIC TO THE DUNES SAGEBRUSH

LIZARD

The MescalerdMonahansshinnery sands ecosystem is home to the dunes
sagebrush lizard (DSLBgeloporus arenicolysvhich has emerged as a focal species of
conservation. It has the sewbmost restricted geographic distribution among North
American lizards (Painter et. al. 1998 studyby Dzialak et al., (2013) applied an object
based image classificatidn produe and validag a spatially explicit estimate of the
shinnery oak soil’egdation association throughout the range of the DSL. They collected
458 sample points diguted throughout the study area which were used to delineate 242
training polygons for the objettased classifiers. They used (NAIP)-mlL
orthophotography for Teas and New Mexico for training polygon development. They
developed a mask based on soil tgoe to the DSL preference for sand soil types using
the Soil Survey Geographic Database. They then used Feature Analyst for image
classification of Landsat 5 TM thacollected across the study area and incorporated a
digital elevation model (DEM) into therocess to provide additional contextual
information for object classification. Their results indicated a 10.3 percent reduction in the
geographic extent of santisnery oak soil vegetation from 1986 to 2011. This translated
into a rate of 0.41% annuall@ver time, patch size and total extent increased through time
in portions of Texas but decreased in New Mexico.

The MescalerdMonahans Sandhills region has beeasavly impacted by

development and a study done by Walkup et al. (2017) shows how landscgmperftation



can i mpact a speciesd population. Net wor ks
result in persistent landscape fragmentation which cause sp&eigseDSL, who rely on
shinnery oak dunes, to be negatively impacted by fragmentatiolkuVat al. (2017)
identified the demographic structure of species in a-dwvedling lizard community and

the effects that landscape fragmentation has on thisncwity. The goal was to capture
lizards on 27 pitfall grids in the Mescalero sands ecosysteémeye nine grids were
classified as fragmented and the other 18 grids were in unfragmented areas as control areas.
Areas identified as fragmented consisted ofot3nore well pads in a section of 259
hectares, based on prior research that demonstrateghtive correlation between lizard
densities and oil well density (Leavitt, 2012). All the trapping grids were located in
shinnery oak dunes with blowouts that evdnown to be occupied by DSL. The 27
independent sites were similar in landscape charaatsnigith shinnery oak dune habitat

that is required by the DSL in all trapping grids. This allowed for statistically independent
capture data, while testing fdraeffects of landscape fragmentation. Each trapping grid
had 30 pitfall traps spaced 20 ma#ipcovering an area of 1.2 ha. Sampling was done from
May to August 2009, from April to August in 2010, and from April to September in-2011
2013. For each lizardapured, they recorded species, trap number, sex, and assigned a
unique permanent mark byealipping. Results from the capture sites for the DSL gave
insight of how a specialist species is affected by isolation and habitat degradation following
fragmenation. Capture rates of DSL in fragmented sites were very low across all years of
capture corpared to unfragmented sites and consistently declined across the 5 years of
trapping. In the 18 unfragmented sites, capture rates of DSL increased from 2009 to 201

and then decreased from 2011 to 2013. From the capture rates reported, the results suggest

10



that this specialist species has a relatively high susceptibility to local extinction following
fragmentation of habitat.

A study done by Smolenskgnd Fitzgerald(2011) looked at study sites in the
Mescalero Sands ecosystem in New Mexico counties. This ecosystem is characterized by
stabilized and senstabilized dunes interspersed with shinreak, sand sagebrush,
bunchgrasses, and sandy hammawits honey mesgjte. They quantified the abundance
of lizards at 11 sites based on the presence of shioadéryanddunehabitat, presence of
dunes sagebrush lizard, and amount of oil and gas development. They assessed oil and gas
development on the lanckpe by totalwrface area of caliche, which is the surface type of
well pads and roads in a 269, area of shinnergak dune habitat. They used GIS data
from the New Mexico State Land Office to quantify total surface area of caliche and
locations of oilpads and roadshey also looked at total area of blowouts at sites to
measure the quantity of habitat for the dunes sagebrush lizard (DSL). The DSL inhabits
blowouts, so the area of blowouts was integral in identifying suitable habitat. They
measured areaithin the 11sites within the 259 ha. Study area using ArcMap to determine
average size of blowout available to didwveelling lizards. They created a polygon
shapefile of all blowouts from aerial photographs taken in 2004. They quantified
encounters ofizards by timerom line transects in Mayuly 20052006. The number of
transects at each site varied betweet8&nd each transect were 25 minutes in duration.
These transects were located randomly within shinoekysanddune habitat. They used
a linea regression teoest for a relationship between mean size of blowout and total area of
blowouts, with total area of blowouts as the independent variable. Abundance of dunes

sagebrush lizard varied across the study area and suggested that the extentimhesand
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blowoutsin the surrounding landscape was an important determinant of these abundances.
There was no clear statistical evidence to support their hypothesis that oil and gas
development correlated to reduced abundances ofdiuaking lizards, or othe dunes
sagelush lizard.

2.40BJECT VS. PER PIXEL LAND COVER CLASSIFICATION

The availability of highresolution remote sensing data has brought atteliate
within the remote sensing community as to whether olljased image analysis (OBIA)
should be wsed ratherthan tre traditional pixebased image analysi®r land cover
classification. Nimerous studies and peer reviewed artidhesre been published
comparing the two analysis methodsdth recommendations for various approaches
According to Blaschket al. (20B) we ae entering a new paradigm in remote sensing with
the increase of spatial resolution in satellite imagery and the increased implementation of
OBIA classification in recent resear@incethe early 2000s there has been an increase in
literature thastateSOBIA providesmoreaccurate classificati@when compared to pixel
basednethodqBlaschke et al., 2ID).

Gao and Mas (2008) performed a study looking at how OBIA and PBIA classified
different images at multiple spatial resolutions &tedmine acuracies. Using SPO75,
LANDSAT-7 ETM+ and MODISmageswith four different spatial resolutions of 10, 30,
100, and 250 m. The results from thkassification analysis showed that at OBIA
performed better than PBIA at higher spatial resolutiom as spial resolutiondecreased
and smoothing filters were appliethe PBIA increased while objediased accuracies
decreasedCleve et al. (2007) compared PBIA and OBIA using higbolution aerial

photography to classify wildlandrban interface. The study @ehed trat objectbased

12



performed better than pixblased, with an improvement of 17.97% higher overall
accuracy The objet-based approach recognized contextual values, such as texture and
spatial context, where pixélased only accounts pixel value. Thitowedfor OBIA to
develop better image objects for the different classes to allow for higher accuracies (Cleve
et al. 207).Whiteside et al. (2011) mapped savanina&ustraliausing objecthased and
pixel-based classificatiorend compardaccuraciesThe ablity of OBIA to use objects to
reduce spetral variability in land cover types that are heterogenous, attributedndy to

the improved classificatioresults With 1-m high spatial resolutioNAIP imagery it is

difficult with per-pixel approacks dueto sensitivity to the discontinuous and variable
nature of mesquite, sandy shrubland type of landscape.

Unlike per pixel-based approachesDBIA uses spectral, textural, spatial,
topological, and hierarchical object characteristics to model featmrdbe landscape
(Hussain et al., 2033 For example,Aryagunaet al. (2016 provided weights to
wavelengths to impree their segmentation methaddincorporated similaritytolerance,
mean, and variance to the segments to improve the representafionidtic composition.
Theyalso looked at how time intensive each image analysis wagpodedOBIA being
far moretime intensivecompared tdPBIA. Even with the amount of time invested for
OBIA classification their resultseportedthe pixel-basedandysis provided a better
classification accuracyResearch results like this are subjective to the landscape being
obseved but showshat the debate between OBIA and pikaked analysis is not settled.

Applying different classifiers (fuzzy or nearesighbourmethods) folOBIA and
pixel-basedanalysiscan improve the classification accuracy dependinfgatures being

observed Boyaci et al., 201 With landscapes like urban city cerg, OBIA
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classifications outperform pix¢lased due to the segmemdatbeng able to delineate
features with less confusioMyint et al., 201). Liu et al. (2010) mentianthat OBlIAhas
potential limitationsrelated tosegmentation scaléhe segmentatiorprocess has the
potential for undesegmentation and ovsegmentaon errors, which could create objects
that do not represent reabrld features (Hussain et al. 2018egmentation algorithms

that are clustebased such as-Kieans, region growing techniques, and ragaft schema

are dependent on the scale of the Ueatbeng segmented (Zehtabian et al. 2014).
Therefore, OBIA approaches to image classification shotegrate field data to allow for
comprehensive and accurate identification of features. Integrating field data with a cluster
based segmentation metheodn failitate accurate analysis by merging small similar
segments iteratively until the object reaclies userdefined threshold (Su et al. 2015).
However, segmentation of dune landscapes can be difficult due to the object geometries;
dunes tend to beme mixed with vegetation and this requires proper scale parameters to
control the output object size (ildsain et al. 2013Fach of he aforementioned studies
compaed PBIA and OBIA within a specific environment and the results show that
accuracy of thelassification is dependent on the featuan the landscapeParameters

set for one environment may rnio¢ able to be applied for a similandscape butould

benefit by applying the same methods for classification purposes.
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3. METHODOLOGY

3.1STUDY AREA

The stuly area consists of portions of the Southern High Plains and Permian
Basin region located in West Tax Although the entire region is comprised of 14
counties, | selected two (NAIP) quadrangles for image classification. The two
guadrangles selectedereDoodle Bug Well located in Crane County (Figure 1) and
North Cowden NW located in Andrews County (Fig). These sites were selected
based on field data collected and based on previous studies indicating suitable habitat for

the DSL.

The landscapef Wed Texas consists of broad basins, mesas, and valleys
bordered by sloping alluvial fans. This regigrai part of the Chihuahuan desert that
extends from Mexico towards southern New Mexico. Known for its rich deposits of
petroleum and natural gasethegio iswell- studiedbecause of its geologand
economidmportance. The West Texas Basin, also known as the Permian Basin, is
composed of the eastern Midland Basin, the Central Basin Platform, and the western
Delaware Basin. The sands in this regidWed Texas seem to be derived from low

lying border landsouth of the Midland Basin (Warn and Sidwell, 1953).

The climate of West Texas is influenced by many factors, one of them being the
North American Cordillera. This set of mountain ranges daausare a barrier to air
traveling from west to east. Prpitation in West Texas is more common in areas with
higherelevationthan lowerelevationdecause of upslope flow and summertime

thunderstorms. West Texas has a wellined wet season and dsgasonThe dry season

15



is November through May, and the wetson is June through October. The peak rainfall
months of July and August are due to the Southwest Monsoon, which is a flow pattern
that brings moist tropical air and convection to West TeRasifal changes over

extended periods are closely relatedhianges in the pattern of the Southwest Monsoon.
Depending on the amount of rainfall this region receives the vegetation coverage can

change from year to year.
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Figurel. Doodle Bug Well NAIP imagery
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Figure2. North Cowden NW SW NAIP Imager

















































































