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1. INTRODUCTION  

1.1 BACKGROUND 

The Southern High Plains and Permian Basin are semi-arid regions composed 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 which impact biodiversity. Additionally, 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 throughout the 

region.  

 The dunes sagebrush lizard (DSL) (Sceloporus arenicolus) is an endemic species 

to this region of southeastern New Mexico and West Texas. The DSL is a habitat 

specialist because of its preference to dune blowouts in shinnery dune habitat (Fitzgerald, 

1997). A dune blowout is formed when erosion from wind creates a 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 depositional lobe (Pethick, 1984; Hesp, 2002). 

Accurate identification of dune landscape is critical for understanding the spatial 

distribution of potential DSL habitat.  

 Remote sensing analysis is a common method to identify land cover and 

associated landscape features and has potential to aid in identification of land covers 

relevant to the DSL. However, classification accuracies are oftentimes dependent on the 

spatial resolution of the data as well as the classification method used for analysis. For 
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example, high resolution imagery exhibits higher levels of detailed features which may 

cause the classification to identify features incorrectly (Myint, 2010).  Pixel-based 

classifications can be accurate, but with high resolution imagery, pixel-based 

classification methods confuse spectrally similar features which 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 features may be difficult to identify because pixel-based methods only use 

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

together as one object (Myint, 2010).  

Object-based image analysis (OBIA) classification is used in remote sensing to 

partition the imagery into meaningful image-objects and assess their characteristics 

through spatial and spectral scales (Chen et. al 2012). Implementing an object-based 

approach for classification uses segmentation to produce homogenous objects that are 

then classified as a group of pixels. Depending on the environment being classified, 

parameters are adjusted to account for spectral, shape, spatial, and context characteristics 

of the segments to classify based on land cover classes. The selection and combination of 

suitable objects for identification for an object-based classification depends on the 

specific land cover classes. The analyst must identify land cover training sites to which 

the object-based iterative process will configure the pixels into objects that share similar 

values. Once these objects have been grouped the analyst can identify which objects 

belong to each land cover class. With increased spatial resolution the potential for OBIA 

to outperform pixel-based will become an occurring theme across remote sensing. 
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According to Blaschke (2010), numerous studies show where OBIA has produced 

better classification accuracies compared to a pixel-based approach. These studies 

indicated that being able to incorporate spatial photo interpretive elements (i.e., texture, 

context, shape) into their segments allowed for better feature identification (Hay and 

Castilla, 2006). As stated earlier, pixel-based image classifications organize pixels based 

solely on spectral signatures which can lead to spectral mixing. Given the heterogeneity 

of ideal DSL habitat and the broader Southern High Plains and Permian Basin 

ecoregions, accurate landscape classification may benefit from texture, shape, or 

elevation inputs during the classification process.  

1.2 PROBLEM STATEMENT 

This research focuses on habitat classification for the dunes sagebrush lizard. Due 

to the dynamic nature of sand dunes, it is important to know the land cover and land-use 

(LULC) for this region. Dune fields exhibit a shifting dynamic by which dunes emerge 

and recede over time due to various factors such as prevailing wind, shin oak (Quercus 

havardii) encroachment, and anthropogenic development such as sand plants and well 

pads. Additionally, activity for the clearing of shin oak for caliche road placement and 

well pad construction has caused the dunes to be more dynamic, potentially isolating the 

DSL through habitat fragmentation (Fitzgerald, 2012).  Leavitt (2013) demonstrated that 

increased fragmentation in the region has contributed to DSL community disassembly. 

Using image classification, we will classify the LULC and develop a model that will use 

the classification to determine potential DSL habitat. Being able to locate potential sites 

of where DSL may inhibit is crucial in trying to halt development that could devastate 

this ecosystem.  
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1.3 RESEARCH OBJECTIVES 

The purpose of this research is to compare two different classification methods, 

pixel- and object-based, to determine which method accurately classifies LULC across 

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

1. Produce a pixel-based classification of National Agricultural Imagery 

Program (NAIP) imagery using supervised classification. 

2. Produce an object-based classification of NAIP imagery. 

3. Calculate accuracy assessments for both map products. 

4. Compare classification accuracies to determine which method performs 

best. 

1.4 SIGNIFICANCE 

This is a comparative study to examine how various classification methods can be 

used to identify suitable DSL habitat. Producing high accuracy land cover classifications 

is necessary to accurately map the extent of suitable habitat for the DSL. The use of both 

object-based and pixel-based image classifications to analyze this region will provide a 

spatial assessment of the distribution, extent and composition of important landscape 

features (Dzialak, 2013). 
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2. LITERATURE REVIEW  

2.1 REMOTE SENSING METHODS FOR LAND COVER CLASSIFICATION 

Over the past two decades the need to extract tangible information from remotely 

sensed data has increased steadily. This is due in part to the increased availability of 

satellite data collected from satellite families such as Landsat satellite system, SPOT 

satellite system, and Sentinel satellites to name a few.  With new satellites being launched 

(i.e. Landsat-8 (2013), Sentinel-1 (2014), Worldview-3 (2014)) and increased spatial and 

radiometric resolutions, new applications to characterize and monitor land cover have been 

identified (Blaschke et al., 2009). The demands for environmental monitoring, assessing 

and meeting conservation goals, spatial planning, and ecosystem-oriented natural resource 

management have led to the increased incorporation of remote sensing data to help with 

these efforts.  

With anthropogenic land-use/land-cover change proceeding much faster than 

natural change, this has become an environmental concern worldwide. Understanding the 

distribution and dynamics of land cover is crucial to gain a better understanding of the 

earthôs fundamental characteristics and processes, including productivity of the land, 

diversity of plant and animal species, and biogeochemical and hydrological cycles (Giri, 

2012). The need for better land-cover information is being addressed by several national 

and international programs interested in land-change science. The United States Global 

Change Research Program (USGCRP) have identified five strategic questions that are 

important for future research on land cover and land-cover change (Giri, 2012). These 

questions include: 1)What tools and methods can be applied to better characterize land-use 
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and land-cover?, 2) What are the primary drivers of land-use-land-cover change?, 3) What 

will the land-use and land-cover patterns and characteristics be in 5-50 years?, 4) How do 

climate variability and change affect land use and land cover, and what are the potential 

feedbacks of changes in land use and land cover to climate?, and 5) What are the 

environmental, social, economic, and human health consequences of current and potential 

land-use and land-cover change over the next 5-50 years? (Giri, 2012). Addressing 

questions like these in an environment that is experiencing rapidly increasing 

anthropogenic development can help guide researcherôs intent on answering these 

questions. 

Land-cover classifications using remotely sensed data is an abstract representation 

of features of the real-world using classes to group them based on their relationships (Giri, 

2012).  Aside from Arctic and Antarctic landscapes and deserts, most surfaces are covered 

by vegetation. Therefore, many studies investigating land-cover using remote sensing 

classification are analysing some form of vegetation in their study area (Di Gregorio and 

OôBrien, 2012). Land-cover classification schemes are generalized to reflect specific needs 

of the data producer or areas of interest. Large-area land-cover mapping applications can 

use the Anderson land use and land cover classification system that meets the needs of U.S. 

agencies, but there is no internationally accepted approach (Franklin and Wulder, 2002).  

The Anderson land use and land cover classification system was developed to set specific 

standards and guidelines to be followed when analysing land use and land cover. This 

system also defined how to categorize different land covers and what constituted them to 

those classes. 
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Land use and land cover classifications have been transformed into a panacea for 

land inventory and has been adopted by a wide range of disciplines (Comber et al. 2005). 

A study done by Weiss et al. (2003) looked at land cover over long time scales in semi-

arid ecosystems to detect climate variation effects on vegetation. Using Advanced Very 

High-Resolution Radiometer (AVHRR) data they calculated the Normalized Difference 

Vegetation Index (NDVI) to detect areas of vegetated surfaces. Regarding semi-arid 

environments, vegetation canopies do not achieve complete coverage, making NDVI 

susceptible to the spectral influence of the soil in gaps between vegetation (Weiss et al., 

2003).  A study done by Civco et al., (2015) looked at (LULC) classifications using five 

different methods that detected change using Landsat Thematic Mapper. These methods 

included: traditional post-classification cross-tabulation, cross-correlation analysis, neural 

networks, knowledge-based expert systems, and image segmentation and object-oriented 

classification. They wanted to compare the results from each method to see how each 

method identified LULC and how well each performed in identifying change using multi-

temporal imagery. Their 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 fundamental processes of landscape change 

has been implemented for over five decades and image analysis applied to landscape 

ecological questions, species conservation, and other sustainability efforts has been 

growing (Pasher et al. 2007). Landscape analyses are concerned with how changes in 

landscape scale, resolution, and classification can have complex consequences for 

landscape pattern, analysis, and interpretation (Comber et al. 2005). Remote sensing for 

landscape planning can be applied for multiple purposes that can include targeting 
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locations for reclamation, identifying important areas for connectivity of a species, or 

focusing on areas where human activity is encroaching on monitored habitat.  

2.2 REMOTE SENSING OF DUNE HABITATS 

Understanding the dynamics of dune lands for habitat conservation can help with 

monitoring endemic species movement throughout a region. Moreover, image 

classification allows for identification of how soil interacts with vegetation where endemic 

species can be found throughout an entire ecosystem (Dzialak et al. 2012). Monitoring of 

dune landscapes requires an understanding that change can occur gradually or rapidly 

depending on certain factors that can be assessed when it comes to environmental and 

habitat conservation (Boyaci et al.2015).  

According to Hesp et al. (2002), dune blowouts are saucer-, cup- or trough-shaped 

depressions or hollows formed by wind erosion on a pre-existing sand deposit. Dunes are 

susceptible to a multitude of factors that can contribute to the initiation of becoming a 

blowout including: topographic acceleration of airflow over the dune crest, climate change, 

vegetation variation in space or vegetation clearance over time, high velocity wind erosion, 

and human activity (Hesp et al., 2002). The main factors contributing to blowouts in the 

Permian Basin region involve human development (oil and gas exploration) and high 

velocity wind erosion which can be attributed to the sparse vegetation cover on the dune 

crest.   

The literature related to classification of dune landscapes is mostly focused around 

coastal dune features, and few publications focus on semi-arid regions where dunes occur 

inland, although Jewell et al. (2014) suggests that the same effects that would occur inland, 
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such as human activity near dune features may increase the number of dune blowouts in 

each area.  

2.3 LANDSCAPE STUDIES SPECIFIC TO THE DUNES SAGEBRUSH 

LIZARD 

The Mescalero-Monahans shinnery sands ecosystem is home to the dunes 

sagebrush lizard (DSL) (Sceloporus arenicolus) which has emerged as a focal species of 

conservation. It has the second-most restricted geographic distribution among North 

American lizards (Painter et. al. 1999). A study by Dzialak et al., (2013) applied an object-

based image classification to produce and validate a spatially- explicit estimate of the 

shinnery oak soil-vegetation association throughout the range of the DSL. They collected 

458 sample points distributed throughout the study area which were used to delineate 242 

training polygons for the object-based classifiers. They used (NAIP) 1-m 

orthophotography for Texas and New Mexico for training polygon development. They 

developed a mask based on soil type due 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 data collected across the study area and incorporated a 

digital elevation model (DEM) into the process to provide additional contextual 

information for object classification. Their results indicated a 10.3 percent reduction in the 

geographic extent of sand shinnery oak soil vegetation from 1986 to 2011. This translated 

into a rate of 0.41% annually. Over time, patch size and total extent increased through time 

in portions of Texas but decreased in New Mexico. 

The Mescalero-Monahans Sandhills region has been heavily impacted by 

development and a study done by Walkup et al. (2017) shows how landscape fragmentation 
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can impact a speciesô population. Networks of roads built for oil and gas development 

result in persistent landscape fragmentation which cause species like the DSL, who rely on 

shinnery oak dunes, to be negatively impacted by fragmentation. Walkup et al. (2017) 

identified the demographic structure of species in a dune-dwelling lizard community and 

the effects that landscape fragmentation has on this community. The goal was to capture 

lizards on 27 pitfall grids in the Mescalero sands ecosystem, where nine grids were 

classified as fragmented and the other 18 grids were in unfragmented areas as control areas. 

Areas identified as fragmented consisted of 13 or more well pads in a section of 259 

hectares, based on prior research that demonstrated a negative correlation between lizard 

densities and oil well density (Leavitt, 2012). All the trapping grids were located in 

shinnery oak dunes with blowouts that were known to be occupied by DSL. The 27 

independent sites were similar in landscape characteristics with shinnery oak dune habitat 

that is required by the DSL in all trapping grids. This allowed for statistically independent 

capture data, while testing for the effects of landscape fragmentation. Each trapping grid 

had 30 pitfall traps spaced 20 m apart covering 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 lizard captured, they recorded species, trap number, sex, and assigned a 

unique permanent mark by toe-clipping. Results from the capture sites for the DSL gave 

insight of how a specialist species is affected by isolation and habitat degradation following 

fragmentation. Capture rates of DSL in fragmented sites were very low across all years of 

capture compared 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 2011 

and then decreased from 2011 to 2013. From the capture rates reported, the results suggest 
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that this specialist species has a relatively high susceptibility to local extinction following 

fragmentation of habitat.  

A study done by Smolensky and Fitzgerald, (2011) looked at study sites in the 

Mescalero Sands ecosystem in New Mexico counties. This ecosystem is characterized by 

stabilized and semi-stabilized dunes interspersed with shinnery-oak, sand sagebrush, 

bunchgrasses, and sandy hammocks with honey mesquite. They quantified the abundance 

of lizards at 11 sites based on the presence of shinnery-oak-sand-dune-habitat, presence of 

dunes sagebrush lizard, and amount of oil and gas development. They assessed oil and gas 

development on the landscape by total surface area of caliche, which is the surface type of 

well pads and roads in a 259-ha, area of shinnery-oak dune habitat. They used GIS data 

from the New Mexico State Land Office to quantify total surface area of caliche and 

locations of oil pads and roads. They 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 area within the 11 sites within the 259 ha. Study area using ArcMap to determine 

average size of blowout available to dune-dwelling lizards. They created a polygon 

shapefile of all blowouts from aerial photographs taken in 2004. They quantified 

encounters of lizards by time from line transects in May-July 2005-2006. The number of 

transects at each site varied between 8-48 and each transect were 25 minutes in duration. 

These transects were located randomly within shinnery-oak-sand-dune habitat. They used 

a linear regression to test 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 extent of sand-dune 



 

12 

blowouts in 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 of dune-dwelling lizards, or of the dunes 

sagebrush lizard. 

2.4 OBJECT VS. PER PIXEL LAND COVER CLASSIFICATION 

The availability of high-resolution remote sensing data has brought about debate 

within the remote sensing community as to whether object-based image analysis (OBIA) 

should be used rather than the traditional pixel-based image analysis for land cover 

classification. Numerous studies and peer reviewed articles have been published 

comparing the two analysis methods with recommendations for various approaches. 

According to Blaschke et al. (2013) we are 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 research. Since the early 2000s there has been an increase in 

literature that states OBIA provides more accurate classifications when compared to pixel-

based methods (Blaschke et al., 2010).  

Gao and Mas (2008) performed a study looking at how OBIA and PBIA classified 

different images at multiple spatial resolutions to determine accuracies. Using SPOT-5, 

LANDSAT-7 ETM+ and MODIS images, with four different spatial resolutions of 10, 30, 

100, and 250 m. The results from the classification analysis showed that at OBIA 

performed better than PBIA at higher spatial resolution, but as spatial resolution decreased 

and smoothing filters were applied, the PBIA increased while object-based accuracies 

decreased. Cleve et al. (2007) compared PBIA and OBIA using high-resolution aerial 

photography to classify wildland-urban interface. The study showed that object-based 



 

13 

performed better than pixel-based, with an improvement of 17.97% higher overall 

accuracy. The object-based approach recognized contextual values, such as texture and 

spatial context, where pixel-based only accounts pixel value. This allowed for OBIA to 

develop better image objects for the different classes to allow for higher accuracies (Cleve 

et al. 2007). Whiteside et al. (2011) mapped savannas in Australia using object-based and 

pixel-based classifications and compared accuracies. The ability of OBIA to use objects to 

reduce spectral variability in land cover types that are heterogenous, attributed primarily to 

the improved classification results. With 1-m high spatial resolution NAIP imagery, it is 

difficult with per-pixel approaches due to sensitivity to the discontinuous and variable 

nature of mesquite, sandy shrubland type of landscape. 

Unlike per pixel-based approaches, OBIA uses spectral, textural, spatial, 

topological, and hierarchical object characteristics to model features on the landscape 

(Hussain et al., 2013). For example, Aryaguna et. al. (2016) provided weights to 

wavelengths to improve their segmentation method and incorporated similarity, tolerance, 

mean, and variance to the segments to improve the representation for floristic composition. 

They also looked at how time intensive each image analysis was and reported OBIA being 

far more time intensive compared to PBIA. Even with the amount of time invested for 

OBIA classification their results reported the pixel-based analysis provided a better 

classification accuracy. Research results like this are subjective to the landscape being 

observed but shows that the debate between OBIA and pixel-based analysis is not settled.   

Applying different classifiers (fuzzy or nearest neighbour methods) for OBIA and 

pixel-based analysis can improve the classification accuracy depending on features being 

observed (Boyaci et al., 2017). With landscapes like urban city centers, OBIA 
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classifications outperform pixel-based due to the segmentation being able to delineate 

features with less confusion (Myint et al., 2011). Liu et al. (2010) mentions that OBIA has 

potential limitations related to segmentation scale. The segmentation process has the 

potential for under-segmentation and over-segmentation errors, which could create objects 

that do not represent real-world features (Hussain et al. 2013). Segmentation algorithms 

that are cluster-based such as K-means, region growing techniques, and mean-shift schema 

are dependent on the scale of the feature being segmented (Zehtabian et al. 2014).  

Therefore, OBIA approaches to image classification should integrate field data to allow for 

comprehensive and accurate identification of features. Integrating field data with a cluster-

based segmentation method can facilitate accurate analysis by merging small similar 

segments iteratively until the object reaches the user-defined threshold (Su et al. 2015).  

However, segmentation of dune landscapes can be difficult due to the object geometries; 

dunes tend to become mixed with vegetation and this requires proper scale parameters to 

control the output object size (Hussain et al. 2013). Each of the aforementioned studies 

compared PBIA and OBIA within a specific environment and the results show that 

accuracy of the classification is dependent on the features on the landscape.  Parameters 

set for one environment may not be able to be applied for a similar landscape but could 

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

3.1 STUDY AREA 

 The study area consists of portions of the Southern High Plains and Permian 

Basin region located in West Texas. Although the entire region is comprised of 14 

counties, I selected two (NAIP) quadrangles for image classification. The two 

quadrangles selected were Doodle Bug Well located in Crane County (Figure 1) and 

North Cowden NW located in Andrews County (Figure 2). These sites were selected 

based on field data collected and based on previous studies indicating suitable habitat for 

the DSL. 

 The landscape of West Texas consists of broad basins, mesas, and valleys 

bordered by sloping alluvial fans. This region is a part of the Chihuahuan desert that 

extends from Mexico towards southern New Mexico. Known for its rich deposits of 

petroleum and natural gas, the region is well- studied because of its geologic and 

economic importance. 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 region of West Texas seem to be derived from low-

lying border lands south 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 and plateaus are a barrier to air 

traveling from west to east. Precipitation in West Texas is more common in areas with 

higher elevation than lower elevations because of upslope flow and summertime 

thunderstorms. West Texas has a well-defined wet season and dry season. The dry season 
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is November through May, and the wet season 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 Texas. Rainfall changes over 

extended periods are closely related to changes 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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Figure 1. Doodle Bug Well NAIP imagery 
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Figure 2. North Cowden NW SW NAIP Imagery






















































