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ABSTRACT 

Existing geospatial data and tools are at times inadequate for supporting the critical habitat-

related work in the Sonoran and Mojave Deserts Bird Conservation Region (BCR 33) due to the 

DUHD¶V�FRPSOH[�YHJHWDWLRQ�FRPPXQLWLHV�Dnd the discontinuity in data availability across the 

United States (US) and Mexico (MX) border. Vegetation distributions and dynamics are critical 

to guiding land management and conservation decisions throughout BCR 33. This research 

aimed to produce the first high-resolution, consistent transboundary vegetation community map 

within BCR 33 by prototyping new methods for desert vegetation classification using the 

Random Forest (RF) machine learning (ML) method. The developed RF classification model 

utilizes multitemporal Landsat 8 Operational Land Imager spectral and vegetation index data 

from the period 2013-2020, augmented with phenology metrics tailored to capture the unique 

growing seasons of desert vegetation. Our RF model achieved an overall classification f-score of 

0.80 and overall accuracy of 91.68%. Our results portrayed vegetation cover at a much finer 

resolution than existing land cover maps from the US and MX portions of the study area, 

allowing for the separation and identification of smaller habitat pockets, including riparian 

communities, which are critically important for desert wildlife and are often misclassified or 

nonexistent in current maps. This early prototyping effort serves as a proof of concept for the 

ML and data fusion methods that will be used to generate the final high-resolution land cover 

map for the entire BCR 33 region. 
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Chapter 1. Introduction 

Managing species and habitats in the Sonoran and Mojave Deserts Bird Conservation 

Region (BCR 33) is FKDOOHQJLQJ�GXH�WR�WKH�DUHD¶V�WUDQVERXQGDU\�FRYHUDJH�RI�WKH�United States 

(US) and Mexico (MX). International borders have hindered the efforts of coordinated 

management within the region primarily due to the lack of continuous resources available 

between the neighboring countries, including accurate and current land cover maps (Thornton et 

al., 2018; Wehncke et al., 2020). 

Monitoring land cover and land use on a local and regional scale is essential to 

understanding the continuous effects of climate fluctuations, urbanization, species invasion, and 

habitat fragmentation on endangered species (Nagendra et al., 2013; Rodríguez-Maturino et al., 

2017). Land cover maps provide conservationists with critical information about the 

characteristics and distributions of habitats, which allows them to infer comprehensive biological 

information down to the species-level (Horning, 2010). BCR 33 covers the entirety of the 

Sonoran and Mojave Deserts in the southwest region of the US and the northwest region of MX. 

Within BCR 33, vegetation land cover maps have become a critical tool for monitoring species 

due to the intense climate conditions and remoteness of habitats within the deserts (CalPIF, 

2009). The Sonoran and Mojave Deserts are home to a multitude of endemic species, many of 

which co-exist across the international border in US and MX territories, making it critical that 

meaningful conservation efforts reach populations on both sides of the border (Martell et al., 

2002).  

Though there are existing transboundary land cover maps of BCR 33, these products lack 

the level of refinement and geographical extent necessary to conduct accurate conservation 

efforts across the entire transboundary region. Many of the regional land cover maps available 
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for both the US and MX are overly representative of land cover classes and as a result fail to 

accurately depict WKH�VSDWLDO�GLVWULEXWLRQ�RI�YHJHWDWLRQ�RQ�WKH�(DUWK¶V�surface (Pérez-Valladares et 

al., 2019). Additionally, many of these land cover maps are spatially restricted to the 

international border based on their country of origin. This creates a discontinuity in coverage, 

data quality, and ecosystem classification within transboundary regions like BCR 33.  

1.1 Use of Remote Sensing in Conservation 

The Sonoran and Mojave Deserts BCR is home to hundreds of drought-adapted bird species, 

many of which are endangered. Bird species share a unique connection to their physical 

environments, making them valuable indicators of environmental stressors within their habitats 

(Iknayan & Beissinger, 2018). The addition of remote sensing data to traditional field survey 

protocols allows scientists to infer fine-scale details about the conservation status of habitats 

(Spanhove et al., 2012).  

One species of particular importance within BCR 33 is the Ferruginous Pygmy-Owl 

(Glaucidium brasilianum) (Figure 1a). Long-term population growth of the pygmy-owl is 

heavily influenced by the presence of saguaro cacti and semi-desert grasslands, in addition to 

moderate to high levels of woody vegetation cover, and low levels of woodland fragmentation 

(Flesch et al., 2015). Over the past century, declines in the pygmy-owl population in the 

southwest have been largely linked to changes in land use and land cover (Flesch et al., 2017). A 

2018 study utilized remote sensing data from Landsat to quantify woodland fragmentation and 

the abundance of woody vegetation cover, in order to estimate the quality of pygmy-owl habitats 

in Pima County, Arizona (Flesch, 2018). Findings from this study highlighted the additive value 

of remote sensing data to existing conservation efforts for the purpose of purposing future 

monitoring and management protocols of pygmy-owl populations. 
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Remote sensing has also been used in conservation for the identification of invasive species. 

Elkind et al. used high-resolution satellite and UAV imagery to detect non-native buffelgrass 

(Pennisetum ciliare) invading the Sonoran Desert in Arizona (Elkind et al., 2019). The methods 

used in this study were driven by a machine learning (ML) algorithm that utilized the RF 

learning method to classify small patches of buffelgrass from spectral, phenological, and 

topographic data. The incorporation of supporting environmental variables from vegetation land 

cover maps, allowed the researchers to infer relationships between the distribution of buffelgrass 

and vegetation types within the study area. 

               (a)                                               (b)                                             (c) 

   

Figure 1. (a) Ferruginous Pygmy-Owl (Glaucidium brasilianum) (Aaron Flesch, n.d.), (b) Sage 

Thrasher (Oreoscoptes montanus) (NSF, 2019b) , (c) Cactus Wren (Campylorhynchus 

brunneicapillus) (NSF, 2019a), are all bird species of conservation interest within BCR 33. 

1.2 Existing Land Cover Maps within BCR 33 

The primary reference land cover map used in this research was the GAP/LANDFIRE 

National Terrestrial Ecosystems (USGS GAP, 2016). The most recent version of GAP was 

released in 2016 and was produced using data collected up to 2011. Many of the regional land 

cover maps available today, including GAP, are produced on an intermittent basis due to the 

extensive workload required to map large geographic areas (Homer et al., 2004; Knight et al., 
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2006). As a result, these maps become outdated and inadequate for use in present-day 

conservation programs considering the natural and anthropogenic changes.   

GAP land cover data is limited to only the US. Thus, one main objective of this research was 

to expand the land cover classes from GAP across the US border and into MX using ML 

classification. This approach is similar to the methods used by the USGS in a 2011 study focused 

on developing a high-resolution binational vegetation map of the Santa Cruz River Riparian 

Corridor using automated classification (Wallace et al., 2011). Though the reach of this study 

was limited within MX, the results collected supported the assumption that GAP land cover 

classes within the US were representative of vegetation types directly south of the border. 

The USGS study mentioned prior DGGLWLRQDOO\�KLJKOLJKWHG�*$3¶V�LQDFFXUDWH�UHSUHsentation 

of select land cover classes including riparian communities. These observations were an 

extension of the organization¶s past research, which found that riparian and wetland areas within 

the GAP land cover dataset were commonly misrepresented as the Mesquite Bosque class 

(Miguel L. Villarreal et al., 2011). Riparian habitats support a majority of wildlife in the semi-

arid regions of North America making them one of the most important vegetation communities 

in conservation ( USFWS, 2009; Zaimes, 2007). In Arizona, 60-75% of wildlife species depend 

on ULSDULDQ�DUHDV�WR�VXVWDLQ�OLIH��\HW�WKHVH�DUHDV�DFFRXQW�IRU�OHVV�WKDQ������RI�$UL]RQD¶V�ODQG�DUHD�

(Arizona Riparian Council, 2004). 

Within the MX region of BCR 33, two reference land cover maps were identified for 

potential use in our research. The first was the North American Land Change Monitoring System 

(NALCMS) produced by the Commission for Environmental Cooperation (Homer et al., 2015). 

Though this map provides continuous coverage across the US and MX regions of BCR 33, the 

map was limited to 19 land cover classes, which broadly classified land cover within the region, 
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not vegetation types. The second land cover map identified and later used in this study, was the 

Use of Soil and Vegetation map from the National Institute of Statistics, Geography, and 

Informatics (INEGI) ( INEGI, 2018). The INEGI map includes nearly 200 vegetation types and 

land use classes mapped across the entire country of MX. This map better suited the needs of our 

research, but still lacked the level of refinement necessary to accurately depict the location and 

extent of vegetation communities. Prior studies have noted these same limitations (Gebhardt et 

al., 2015; Pérez-Valladares et al., 2019) and highlighted the need for additional geospatial data in 

classification methodologies using INEGI land use and vegetation data. 

1.3 Methods Used for Creating Land Cover Maps 

Traditional methods of land cover mapping required continuous field visits to conduct visual 

observations and data collection, which was considerably time-consuming and limited by the 

accessibility of land (Spanhove et al., 2012). These challenges have been overcome with the 

introduction of air- and space-borne remote sensing technologies, which provide scientists with 

nearly real-time observations under limited land restrictions (Horning, 2010). 

Landsat is one of the most popular satellites used in remote sensing and is favorable in land 

cover mapping due to the SODWIRUP¶V sensor capabilities and continuous coverage across the 

globe. In 2013, the National Aeronautics and Space Administration (NASA) and the USGS 

launched Landsat 8 to collect uninterrupted medium-resolution multispectral GDWD�RI�WKH�(DUWK¶V�

surface (Landsat 8 (L8) Data Users Handbook, 2019). Landsat 8 carries a wide range of onboard 

sensors, most importantly the Operational Land Imager (OLI) and Thermal Infrared Sensor 

(TIRS). The OLI sensor collects Earth surface image data for nine shortwave spectral bands and 

the TIRS sensor collects thermal data from two thermal bands (Table 1).  
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Table 1. Landsat 8 OLI spectral bands list. 

Bands Wavelength (ᅒm) Resolution (m) 

Band 1 - Coastal aerosol 0.43-0.45 30 
Band 2 - Blue 0.45-0.51 30 
Band 3 - Green 0.53-0.59 30 
Band 4 - Red 0.64-0.67 30 
Band 5 - Near Infrared (NIR) 0.85-0.88 30 
Band 6 - SWIR 1 1.57-1.65 30 
Band 7 - SWIR 2 2.11-2.29 30 
Band 8 - Panchromatic 0.50-0.68 15 
Band 9 - Cirrus 1.36-1.38 30 
Band 10 - Thermal Infrared (TIRS) 1 10.6-11.19 100 
Band 11 - Thermal Infrared (TIRS) 2 11.50-12.51 100 

 

Images and raw data from remote sensing platforms are interpreted visually by an observer 

or automatically by a computer system to identify features (Horning, 2010). In the case of 

YHJHWDWLRQ�PDSSLQJ��WKH�JRDO�LV�WR�LGHQWLI\�DQG�FODVVLI\�SODQW�FRPPXQLWLHV�RQ�WKH�(DUWK¶V�VXUIDFH��

Automated classification using modern data science techniques like ML has become the 

preferred method for image classification due to WKH�PHWKRG¶V�DELOLW\�WR�FODVVLI\�ODUJH�UHJLRQV�

simultaneously while reducing observer bias through the use of automated image processing 

algorithms �%HOJLX�	�'UăJXĠ�������. 

The Random Forest (RF) classification method has become widely used in the field of 

remote sensing due to its robust capabilities to achieve excellent classification results within a 

short processing time and with limited sensitivity to noise compared to other streamlined ML 

classifiers like Support Vector Machine (SVM) and Linear Regression (LR) �%HOJLX�	�'UăJXĠ��

2016; Shetty et al., 2021). Several studies have shown that the RF method is successful in the 

classification of land cover classes using Landsat 8 remote sensing data and supporting auxiliary 

data (Khatami et al., 2016; Zhu et al., 2016). Although considerable advancements have been 
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made in remote sensing, there remain limitations on the accuracy of land cover type 

discrimination and the quality of large-scale land cover maps primarily due to the discontinuity 

between data, methods, and workflow design when performing machine-based land cover 

classification (Gebhardt et al., 2015; Li et al., 2020). 

Most of the current methods used for land cover classification of satellite images utilize a 

limited collection of remote sensing seasonal images from the spring, summer, and fall months 

(Homer et al., 2004). When using a limited time frame of data for classification, vegetation land 

cover classes can exhibit similar readings causing confusion between classes when using 

automated and visual classification methods (Horning, 2010; Knight et al., 2006). Several studies 

have shown that using multi-temporal data, over single date data, provides a higher fidelity 

dataset that in turn yields better classification results (Knight et al., 2006; Miguel L. Villarreal et 

al., 2011; Shetty et al., 2021; Simonetti et al., 2014). Classification of multi-temporal data on a 

regional scale has still only been applied within a limited monthly or annual time frame primarily 

due to the computational workload required and the lack of continuous coverage across some 

study areas. 

The use of multi-temporal data additionally allows for the incorporation of phenology 

metrics in vegetation classification. Phenology is the study of periodic vegetation life cycles and 

their relationship to seasonal and interannual changes in the climate (White et al., 1997). The 

incorporation of phenology metrics in vegetation classification allows for further separation of 

vegetation classes based on unique seasonal and spectral characteristics of plant canopy and 

leaves (Simonetti et al., 2014). Many studies have shown that the use of phenology metrics in 

addition to spectral data, can improve the classification of evergreen, deciduous, and coniferous 

forest ecoregions (Knight et al., 2006; Simonetti et al., 2014). A study conducted by Van 
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Leeuwen et al. in the Madrean Archipelago sky island within the Sonoran Desert found that 

remotely sensed phenological signatures and phenometrics were capable of distinguishing unique 

vegetation community classes across multiple elevation gradients within the region (Van 

Leeuwen et al., 2010). These results suggest that the incorporation of phenology metrics in our 

classification methods will help to better separate and classify vegetation land cover types within 

the Sonoran and Mojave Deserts BCR. 

1.4 Research Objectives 

In response to these challenges, this research aims to create a transboundary high-resolution 

land cover map within the Sonoran and Mojave Deserts BCR by developing and applying an 

ML-based algorithm for classifying desert vegetation based on multi-temporal spectral signatures 

and seasonal dynamics using the RF learning method. The final mapping product and data 

obtained from this research are aimed at supporting research, non-governmental, and federal 

agencies, and stakeholders in support of current and future conservation efforts of birds and other 

native species that live in the Sonoran and Mojave Deserts BCR. 

The specific objectives of this research are: 

1. Develop a machine learning (ML) algorithm trained to classify vegetation land cover 

using remote sensing spectral data from 2013-2020, over a large subregion of the 

Sonoran and Mojave Deserts BCR. 

2. Calibrate, validate, and refine the final ML-derived vegetation map using a collection of 

openly sourced remote sensing and ground-based ancillary data, images, and limited 

fieldwork. 

3. Harmonize a new transboundary classification system by expanding existing land cover 

mapping resources from the US portion of BCR 33 into MX. 
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4. Distribute the final vegetation land cover map and supporting data via an online 

DataExplorer platform at the University of Arizona Vegetation Index and Phenology Lab 

(vip.arizona.edu), for use by research stakeholders in support of habitat management and 

conservation planning within this region. 
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Chapter 2. Present Study 

2.1 Data & Methods 

2.1.1 Study Area 

We developed and prototyped the classification algorithm over a subregion of the Sonoran 

and Mojave Deserts BCR which spans from Phoenix, Arizona, US, to Hermosillo, Sonora, MX 

(Figure 2). The study area covered primarily the Sonoran Desert region of BCR 33 in southwest 

Arizona and California, US, and down through both sides of the Gulf of California covering 

northeast Baja California and western Sonora, MX. In total, the study area was just over 188,000 

km2. Land cover data of the study area was assessed over time from April 2013 ± December 

2020. 

BCR 33 was created by the North American Bird Conservation Initiative (NABCI) (Bird 

Studies Canada and NABCI, 2014) and covers the entirety of both the Sonoran and Mojave 

Deserts, as well as come surrounding ecoregions (Figure 2). The Mojave Desert covers southeast 

California and southern Nevada, US. Connected to the southern border of the Mojave Desert is 

the Sonoran Desert, which extends through southern California and southwest Arizona, US, 

down through both sides of the Gulf of California covering northeast Baja California, western 

Sonora, and north Sinaloa, MX.  

Vegetation land cover in the Sonoran and Mojave Deserts is dominated by desert scrub 

consisting of a mixture of shrubs, cacti, and grasses. Both deserts hold a significant portion of the 

world's endemic desert scrubland, ephemeral riparian ZRRGODQG��DQG�FRQLIHURXV�³VN\-LVODQGV´�

ecoregions that are critical avian habitats (CalPIF, 2009). These arid deserts are subject to 

interannual and seasonal climate variability, with most of the rainfall in this region occurring in 
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the spring and summer monsoon periods, resulting in bimodal growing seasons at low elevations 

(Van Leeuwen et al., 2010). 

 

 
Figure 2. Bird Conservation Region 33. Sonoran and Mojave Deserts and the selected study area 
for this research from Phoenix, Arizona, US, to Hermosillo, Sonoran, MX. 

 

2.1.2 Programming Languages and Software 

The preliminary data processing, algorithm development, and data analysis for this research 

were done in Python (version 3.8) (Van Rossum & Drake, 2009). The ArcMap desktop 

application from (VUL¶V�ArcGIS (Esri Inc., 2020) and Google Earth Engine (Gorelick et al., 

2017), were used in addition to Python to visualize, edit, and analyze geospatial data used in this 

research. 
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2.1.3 Reference Land Cover Maps 

2.1.3.1 USGS GAP/LANDFIRE National Terrestrial Ecosystems 2011 

Ecological systems from the 2011 GAP/LANDFIRE National Terrestrial Ecosystems 

(USGS GAP, 2016) were used as a reference for the creation of the land cover classification 

system uVHG�LQ�WKLV�UHVHDUFK��*$3�LQFOXGHV�ODQG�FRYHU�FODVVHV�DV�GHVFULEHG�E\�1DWXUH6HUYH¶V�

Ecological Systems Classification (Comer et al., 2003) and land use classes described by the 

National Land Cover Dataset 2011 (Homer et al., 2004). GAP land cover data is limited to only 

the US, thus this research worked to expand the land cover classes from GAP across the US 

border and into MX as a starting point for mapping vegetation within the Sonoran and Mojave 

Deserts BCR.  

GAP land cover data at 30 m resolution was collected for the US portion of the study area 

(approximately 1/3 of the entire study area) (Figure 3). Land cover classes with fewer than 1,500 

pixels within the study area, were not considered in this research because they did not provide 

enough training data for the development of the RF classification model. Recently disturbed or 

modified land cover classes were also removed given that they have become outdated since their 

classification in 2011. Agriculture and developed land cover classes were not included in the 

development of the RF model to reduce confusion between classes. These areas were added from 

ancillary resources once the final map was complete. A total of 31 land cover classes were 

selected for this research as shown in Figure 3. Descriptions and images of each class can be 

found in Appendix A.1. Summary reports and descriptions of all GAP land cover classes are 

available by state at https://www.sciencebase.gov (USGS, n.d.). 

 

https://www.sciencebase.gov/
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Figure 3. Study area with selected land cover classes from GAP. A total of 31 classes were 
selected. Removed classes included agriculture and urban areas, which were added at a later time 
to the final map. 

 

2.1.3.2 INEGI Use of Soil and Vegetation 

Classification results of land cover within the MX region of the study area were validated 

using data from the Series VII Use of Soil and Vegetation map created by the National Institute 

of Statistics, Geography, and Informatics (INEGI) (INEGI, 2018). This land use and vegetation 
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map was created using a collection of remotely sensed and ground-based data collected over the 

past 15 years. The map classifies vegetation according to the INEGI vegetation classification 

system (INEGI, 2015), which is adapted from two of the most widely accepted vegetation 

nomenclatures in MX, Vegetación de México by Jerzy Rzedowski (Jerzy Rzedowski & Laura 

Huerta M., 1978), and Los Tipos de Vegetación de México y su Clasificación by Faustino 

Miranda and Efraim Hernández X. (Miranda & Hernández-X., 2016). This map was chosen as a 

validation source over other available land cover maps of MX because it documents an array of 

vegetation types that encompass many of the selected land cover classes used in this research and 

INEGI has conducted extensive field trials in the validation of the developed product. 

INEGI land use and vegetation classes within the study area were simplified to a final count 

of 24 classes (Figure 4). Areas classified as agriculture or developed land cover classes were 

visually validated and later added to the final land cover map. Descriptions and images of the 

INEGI classes used can be found in Appendix A.2. The land use and vegetation data can be 

downloaded as a vector dataset at a scale of 1:250,000 from the INEGI website, 

inegi.org.mx/temas/usosuelo/ (INEGI, n.d.) 

 

https://en.www.inegi.org.mx/temas/usosuelo/
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Figure 4. INEGI land use and vegetation classes available within the study area. A total of 24 
classes were selected. Removed classes included agriculture and urban areas, which were added 
at a later time to the final map. 
 

2.1.3.3 Ancillary Maps 

Agricultural land cover was added to the final vegetation land cover map using the United 

States Department of Agriculture (USDA) Cropland Data Layer (CDL) (Boryan et al., 2011; 

USDA National Agricultural Statistics Service, 2022a). The most recent data release from 2021 

was validated visually using Google Earth and corrected if areas were misclassified as cropland. 

This research was not concerned with classifying the type of crop cover, but rather properly 

isolating cropland areas, so that misclassified ecoregions could be fixed. CDL data and 

supporting documentation can be retrieved from 
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nass.usda.gov/Research_and_Science/Cropland/Release/  (USDA National Agricultural Statistics 

Service, 2022). 

During the correction process of the CDL, it was evident that many wetland and riparian 

habitats were misclassified as cultivated land. To accurately and efficiently remove wetland and 

riparian areas from the CDL, tKH�8�6��)LVK�DQG�:LOGOLIH�6HUYLFH¶V��86):6��1DWLRQDO�:HWODQG�

Inventory (NWI) (USFWS, 2014) was referenced. NWI shapefile data for Arizona and California 

was downloaded from fws.gov/program/national-wetlands-inventory/data-download (USFWS, 

n.d.). 

2.1.4 Landsat 8 OLI Data Collection and Processing 

Landsat 8 OLI data at 30m resolution was acquired from the Earth Resources Observation 

and Science (EROS) Center of the USGS (usgs.gov/centers/eros) (Standart et al., 2011). This 

research utilized data from the Blue (0.45-0.51 µm), Green (0.53-0.59 µm), Red (0.64-067 µm), 

Near-infrared (NIR) (0.85-0.88 µm), and Short-wave infrared (SWIR1) (1.57-1.65 µm) bands, as 

well as vegetation index (VI) data for the Normalized Difference Vegetation Index (NDVI) 

(Equation 1) and the 2-band Enhanced Vegetation Index (EVI2) that uses the NIR (ߩேூோ) and 

Red (ߩௗ) bands only (Equation 2) (Jiang et al., 2008). 

���� ൌ
ேூோߩ െ ௗߩ
ேூோߩ  ௗߩ

 (1) 

  
���ʹ ൌ ʹǤͷ

ேூோߩ െ ௗߩ
ேூோߩ  ʹǤͶ כ ௗߩ  ͳ (2) 

 

A total of 32 Landsat scenes covering the whole study area were acquired from April 2013 

to December 2020 every 16 days (Figure 5). This Landsat data was pre-processed to create a 

high-fidelity data record by removing clouds, heavy aerosols, and other contaminants (Huete et 

http://nass.usda.gov/Research_and_Science/Cropland/Release/
http://fws.gov/program/national-wetlands-inventory/data-download
http://usgs.gov/centers/eros
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al., 2002). The Landsat tiles were then merged and spatially organized into a custom geospatial 

layout of 8 tiles to optimize storage and analysis, while still maintaining the original Landsat 

resolution and UTM projection. Overlapping boundary pixels between Landsat tiles were 

UHVROYHG�E\�UHPRYLQJ�³QR�GDWD´�YDOXH�SL[HOV�DQG�averaging the retained highest quality pixels. 

Each tile was 6193 by 6193 pixels (30 m).  

The eight years of Landsat 8 data were then condensed into a long-term annual spectral time 

series for every month (January - December). The long-term monthly average for every month 

was used to calculate quarterly (3-month intervals starting in the month of January) statistics for 

every pixel including the average, minimum, maximum, standard deviation, and change in signal 

(delta) for every band. These quarterly statistics were used in the training and implementation of 

the developed ML algorithm which is further discussed in section 2.1.7. 

 

                                     (a)                                                                         (b) 

 
Figure 5. (a) Footprint of the 32 Landsat 8 tiles collected and merged into the custom 8 tile gird 
shown in (b). 
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2.1.5 Extraction of Phenology Metrics 

From the NDVI annual profiles, phenology can be quantified to describe growing-season 

parameters and the vegetation biomass. Averaged NDVI values over time summarize the 

JURZLQJ�VWDJHV�RI�JUHHQ�YHJHWDWLRQ�DQG�SRUWUD\�WKH�³QRUPDO´�JURZLQJ�conditions within a region 

(Simonetti et al., 2014). A modified half-max phenology algorithm was used in this research to 

characterize phenological events from Landsat 8 NDVI data. The half-max approach suggests 

that the increase and decrease in greenness are most rapid at a 0.5 threshold, indicating the points 

of leaf onset and offset (White et al., 1997). This approach was modified for this research to 

better capture the phenological development periods of desert vegetation by using a 0.35 

threshold (Didan et al., 2015; White et al., 2009). Setting a threshold at 0.35, elongates the 

growing season and was shown to be more accurate in representing vegetation dynamics within 

regions with protracted slow emerging growing seasons (White et al., 2009). 

Additional parameters were tuned within the phenology extraction algorithm to filter out 

regions with significantly low NDVI readings including barren and dune land cover, as well as 

regions with significantly high NDVI readings such as urban land cover and cropland. The tuned 

parameters included the minimum and maximum ranges of NDVI values, errors, and changes 

over time, as well as the minimum length of a season, and the presence of more than one 

growing season, which is key in our study region due to the bimodal precipitation regimes. 

Results produced from the phenology algorithm quantified the following metrics for every 

Landsat pixel: start of season (SOS), day of peak (DOP), end of season (EOS), length of season 

(LOS), green-up rate (GUR), green-down rate (GDR), number of seasons (NOS), max NDVI 

(NDVIMax) and cumulative NDVI (NDVICum). Descriptions of these metrics are provided in 

Table 2. 
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Table 2. Description of phenology metrics collected in this study. 
Phenology Metric Description 

Start of season (SOS) Day of year value identified by a consistent upward trend in 
NDVI. 

Day of peak (DOP) Day of year value identified by maximum NDVI value. 

End of season (EOS) Day of year value identified by a consistent downward trend 
in NDVI. 

Length of season (LOS) Number of days between SOS and EOS. 

Green-up rate (GUR) Positive rate of change in NDVI. 

Green-down rate (GDR) Negative rate of change in NDVI. 

Number of seasons (NOS) Number of growing periods within a year (365 days). 

Max NDVI (NDVIMax) Maximum NDVI value within the growing season. 

Cumulative NDVI (NDVICum) Sum of NDVI over the entire growing season. 
 

2.1.6 Land Cover Sampling Design 

The distribution of land cover classes derived from GAP were considerably unbalanced 

within the study area (Figure 6-7). This is a common issue faced in land cover mapping methods 

using ML because of the QDWXUDOO\�XQEDODQFHG�GLVWULEXWLRQ�RI�ODQG�FRYHU�RQ�WKH�(DUWK¶V�VXUIDFH 

(Douzas et al., 2019; McKerrow et al., 2014; Naboureh et al., 2020; Shetty et al., 2021). In 

sampling, the imbalanced distribution of classes creates a bias within the ML model in favor of 

the majority classes, resulting in a higher misclassification rate of minority classes (Fernández et 

al., 2018). To account for the imbalance distribution of our dataset, land cover classes were 

divided and sampled by categories, similar to the methods produced by Naboureh et al. 

(Naboureh et al., 2020). Classes were divided into 5 categories based on their percent land cover 

within the study area and sampled based on a defined fraction (Table 3). The evaluated sampling 

fractions were selected in intervals of 4, 6, and 8 at magnitudes of 0.1, 1, and 10 percent 

depending on the category. To prevent the oversampling of the majority classes, a significantly 

smaller fraction was sampled. Inversely, to prevent the undersampling of the minority classes, 
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the entire population was sampled. A total of 81 fraction combinations were evaluated to 

determine the optimal sampling fraction for each category. 

Pixel samples for each class were distributed across all 8 tiles based on the proportion of 

land cover pixels within the tile. Additionally, tile pixel samples were distributed across 

quadrants within the tiles when possible. Candidates for sampling were selected in clusters of at 

least a 5 by 5 window (Figure 8b). This ensured that the collected land cover pixels were 

relatively homogeneous in landcover. For classes that did not have enough clustered pixel 

samples, additional individual pixels were sampled at random. For classes with more clustered 

pixel samples than required, pixels were sampled in transects of 50 pixels within the clusters to 

capture a representative population of homogeneous and mixed boundary pixels (Figure 8c). The 

location of the pixel transects was selected at random from within the clusters and distributed 

across quadrants within the tiles when possible. 

Once the optimal sampling fraction was determined for each category, sample sites were 

visually validated to ensure that the collected samples for training and testing were representative 

of their assigned land cover class. One of our objectives is to update and address issues in the 

2011 GAP classification, as such any sites that were mislabeled by GAP were corrected and used 

to retrain the RF model. 

Table 3. Category definitions based on land cover class percent cover in the study area and the 
evaluated sample fractions for each category. 

Category Land Cover in Study Area (%) Evaluated Sample Fractions (%)  

1 < = 0.01 100 

2 > 0.01 and < = 0.1 40, 60, 80 

3 > 0.1 and < = 1 4, 6, 8 

4 > 1 and < = 10 4, 6, 8 

5 > 10 0.04, 0.06, 0.08 
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Figure 6. Distribution of land cover classes with less than 100,000 pixels within the study area. 
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Figure 7. Distribution of land cover classes with more than 100,000 pixels within the study area. 
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                        (a)                                                (b)                                                (c)

 
Figure 8. (a) The selected land cover classes from GAP. (b) Clusters created using a 5 by 5 
window of land cover class pixels. (c) Selected sampling pixels used in training and testing. 

 

2.1.7 Random Forest Classifier 

The Random Forest (RF) ensemble learning method (Breiman, 2001) was used for pixel-

based classification of the long-term quarterly spectral signals and phenology datasets produced 

above. RF classification uses an assembly of single decision trees (a forest) to predict a 

classification output. RF classification was chosen for this research over other ML and deep 

learning models because of its high-performance capabilities, computational efficiency on large 

datasets, and effectiveness in classification problems �%HOJLX�	�'UăJXĠ�������.  

The RF classifier class from the Scikit-learn Ensemble Methods module (Pedregosa et al., 

2011) was used in the development of the algorithm coded in Python (Van Rossum & Drake, 

2009). Parameter values for the number of trees and number of jobs used in training were 

modified, with all other parameters set to default values as provided by Scikit-learn. A total of 

200 trees were used in training because this value was found to yield the highest classification 

accuracy in a similar study (Li et al., 2020). To reduce training time, the parameter for the 

number of jobs was set to -1, indicating the use of all processors in parallel.  
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Class sample sizes were determined based on the sampling fractions explained earlier in 

section 2.1.6. Of the selected samples, 80% were used for training and 20% were retained for 

testing and validation of the RF model¶V performance. Each pixel had a total of 156 features, that 

included quarterly average, minimum, maximum, delta, and standard deviation values of 5 

Landsat 8 surface reflectance bands and the ��9,¶V��in addition to the 16 NDVI phenology 

metrics discussed earlier in section 2.1.5. 

2.1.8 Evaluation and Comparison of Classification Results 

The most common evaluation metrics used for assessing ML algorithm performance include 

Overall Accuracy (OA), User Accuracy (UA) (also known as Precision), DQG�3URGXFHU¶V�

Accuracy (PA) (also known as Recall) (Douzas et al., 2019). Evaluating a model using these 

metrics can become problematic when learning using an imbalanced dataset, much like the one 

used in this study, because the accuracy achieved for each class varies (Fernández et al., 2018). 

Thus, evaluating the overall performance of our RF classifier based only on accuracy metrics 

(OA, UA, and PA) would yield biased results in favor of the majority classes.  

For this reason, f-score metrics were used as the primary evaluation method in this research, 

with the inclusion of accuracy scores for the purpose of discussion. F-score is the harmonic mean 

of Precision and Recall, calculated as: 

ܨ െ ݁ݎܿܵ ൌ ʹ
݊݅ݏ݅ܿ݁ݎܲ ή ܴ݈݈݁ܿܽ
݊݅ݏ݅ܿ݁ݎܲ  ܴ݈݈݁ܿܽ 

(3) 

 

Precision assesses what portion of the predictions made were correct and recall evaluates the 

PRGHO¶V�DELOLW\�WR�LGHQWLI\�WKRVH�FRUUHFW�SUHGLFWLRQV�(Fernández et al., 2018). In terms of land 

FRYHU�FODVVLILFDWLRQ��WKLV�PHDQV�WKDW�SUHFLVLRQ�ZLOO�WHOO�XV�WKH�PRGHO¶V�DFFXUDF\�UDWH�RI�FRrrectly 
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predicting a land cover class and recall will tell us how well the model is at identifying correct 

occurrences of that class. The equations for precision and recall are shown in Equations 4 and 5. 

݊݅ݏ݅ܿ݁ݎܲ ൌ
ܶܲ

ܶܲ   ܲܨ

ܶܲ ൌ ܲܨ�����ݏ݊݅ݐܿ݅݀݁ݎܲ�݁ݒ݅ݐ݅ݏܲ�݁ݑݎܶ ൌ  ݏ݊݅ݐܿ݅݀݁ݎܲ�݁ݒ݅ݐ݅ݏܲ�݁ݏ݈ܽܨ

(4) 

 

ܴ݈݈݁ܿܽ ൌ
ܶܲ

ܶܲ   ܰܨ

ܶܲ ൌ ܰܨ�����ݏ݊݅ݐܿ݅݀݁ݎܲ�݁ݒ݅ݐ݅ݏܲ�݁ݑݎܶ ൌ  ݏ݊݅ݐܿ݅݀݁ݎܲ�݁ݒ݅ݐܽ݃݁ܰ�݁ݏ݈ܽܨ

(5) 

 

Accuracy values were calculated using the Scikit-learn Metrics module (Pedregosa et al., 

2011). Classification results were further evaluated on a class-by-class basis to observe 

confusion between classes and determine which classes the model performed the worst on. This 

was done using a confusion matrix that compared the predicted classification results to the true 

classification labels for each land cover type. The final land cover map produced for the entire 

study area was compared against ancillary mapping data available within the region. A 

comparison of these maps was done visually using geospatial applications like Google Earth 

Engine (Gorelick et al., 2017) and ArcGIS (Esri Inc., 2020). 
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Chapter 3. Results and Discussions 

3.1 Sampling Size 

Complete results of the 81 evaluated combinations of category sampling fractions are 

provided in Appendix B. Of the 81 evaluated sampling combinations, the top five performing 

combinations based on f-score and OA are included in Table 4. Combination 22 using 100% of 

Category 1, 40% of Category 2, 6% of Category 3, 8% of Category 4, and 0.04% of Category 5 

was one of the highest performing combinations in terms of f-score (f-score = 0.81), and the 

highest in terms of OA (OA = 91.77%). Thus, this combination was used in the final 

development of the RF model. The worst performing fraction combination used 100% of 

Category 1, 80% of Category 2, 8% of Category 3, 6% of Category 4, and 0.06% of Category 5 

and yielded an f-score of 0.79 and an OA of 81%. 

 
Table 4. Five highest performing combinations of category sampling fractions. 

Combination 
Sampled Fraction (%)   

Category 
1 

Category 
2 

Category 
3 

Category 
4 

Category 
5 F-Score OA (%) 

22 100 40 6 8 0.04 0.81 91.77 

13 100 40 6 6 0.04 0.81 90.78 

40 100 40 6 6 0.06 0.81 90.53 

67 100 40 6 6 0.08 0.81 90.29 

4 100 40 6 4 0.04 0.81 89.81 

 

3.2 Classification Accuracy 

The final model used over 80 million pixels in training and achieved an overall f-score of 

0.80 and OA of 91.68%, with a total training time of just under 5 minutes on a Dell Precision 

7820 equipped with an Intel® Xeon® Silver 4110 CPU with dual 2.10 GHz processors with 64 
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GB RAM, running Windows 10 64-bit OS. Model accuracy by land cover class is provided 

below in Table 5 and in the form of a confusion matrix in Figure 9. The minority classes in 

Category 1 (< = 0.01% land cover), were the classes with the most confusion. North American 

Warm Desert Lower Montane Riparian Woodland and Shrubland was the lowest performing 

land cover class with an f-score of 0.52, followed by Madrean Pinyon-Juniper Woodland (f-

score = 0.47) and Madrean Juniper Savanna (f-score = 0.52). Many of the highest performing 

classes, with the least confusion, were in Category 4 (> 1% and < = 10% land cover), including 

North American Warm Desert Active and Stabilized Dune (f-score = 0.99), North American 

Warm Desert Wash (f-score = 0.95), and Undifferentiated Barren Land (f-score = 0.94), as well 

as Mojave Mid-Elevation Mixed Desert Scrub (f-score = 0.96) from Category 2 (> 0.01% and < 

= 0.1% land cover). 

Feature importance values for all 156 features were evaluated using the fitted attribute 

provided within the scikit-learn Random Forest Classifier class (Pedregosa et al., 2011). The 

most important features reported from the RF classifier training came from the Blue, EVI2, and 

SWIR1 bands, as recorded in Table 6. The minimum, maximum, and average values of these 

bands were the most important statistics. Of these bands, quarters 2 (April-June) and 3 (July-

September), were the most important. Concerning phenology metrics, the Season 1 NDVIMAX 

value was the most important feature followed by the Season 1 DOP and SOS. All the Season 2 

phenology metrics used in training were the least to WKH�PRGHO¶V�SUHGLFWLRQV. 
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Table 5. F-score results for all land cover classes generated from the RF model. Top performing 
classes with an f-score greater than or equal to 0.9 are highlighted in green and the lowest 
performing classes with an f-score below 0.6 are highlighted in red. 

Class 
Number Land Cover Class F-Score 

280 North American Warm Desert Lower Montane Riparian Woodland and Shrubland 0.45 

47 Madrean Pinyon-Juniper Woodland 0.47 

469 Madrean Juniper Savanna 0.52 

187 Colorado Plateau Pinyon-Juniper Woodland 0.61 

472 Sonora-Mojave Creosotebush-White Bursage Desert Scrub 0.65 

473 Sonoran Mid-Elevation Desert Scrub 0.67 

459 North American Warm Desert Playa 0.69 

358 Mogollon Chaparral 0.72 

468 Chihuahuan Succulent Desert Scrub 0.73 

46 Madrean Encinal 0.74 

467 Chihuahuan Stabilized Coppice Dune and Sand Flat Scrub 0.75 

474 Sonoran Paloverde-Mixed Cacti Desert Scrub 0.76 

562 Introduced Riparian and Wetland Vegetation 0.80 

461 Apacherian-Chihuahuan Semi-Desert Grassland and Steppe 0.81 

282 North American Warm Desert Riparian Woodland and Shrubland 0.82 

48 Madrean Pine-Oak Forest and Woodland 0.84 

462 Chihuahuan Creosotebush, Mixed Desert and Thorn Scrub 0.85 

443 North American Arid West Emergent Marsh 0.87 

579 Open Water (Fresh) 0.87 

540 North American Warm Desert Pavement 0.88 

458 Inter-Mountain Basins Playa 0.89 

539 North American Warm Desert Bedrock Cliff and Outcrop 0.89 

547 Inter-Mountain Basins Shale Badland 0.90 

444 North American Warm Desert Riparian Mesquite Bosque 0.91 

460 Apacherian-Chihuahuan Mesquite Upland Scrub 0.91 

541 North American Warm Desert Volcanic Rockland 0.92 

476 Sonora-Mojave Mixed Salt Desert Scrub 0.93 

553 Undifferentiated Barren Land 0.94 

477 North American Warm Desert Wash 0.95 

470 Mojave Mid-Elevation Mixed Desert Scrub 0.96 

471 North American Warm Desert Active and Stabilized Dune 0.99 
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Table 6. Top five most important features to the RF model. 
Feature Statistic Quarter Importance (%) 

BLUE Min, Max, Average 2, 3 1.5 - 1.8 

EVI2 Min 3 1.7 

SWIR1 Max 2 1.5 
 

3.3 Classification of the Entire Study Area 

The final land cover map of the entire study area is shown in Figure 10. Subregions of the 

study area within MX are included in Figure 11, with comparisons of the areas true color image, 

our classification results, and INEGI land use and vegetation data. Areas of homogeneous land 

cover within MX were observed visually to establish class relationships between our 

classification system and INEGI. The relationships established are in Table 7.  
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Figure 10. The final land cover map of the entire study area.  
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               True Color Image                       INEGI Data                       Results of RF  

 

 
Figure 11. Zoomed in comparisons of true color imagery (left), INEGI labels (middle), and our 
results obtained with the RF model (right) within MX regions of the study area. 
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Table 7. Harmonization of our land cover classification system and INEGI classes. 
Land Cover Class INEGI Class 

Mojave Mid-Elevation Mixed Desert Scrub, 
Sonoran Mid-Elevation Desert Scrub, 
Chihuahuan Succulent Desert Scrub, 
Sonoran Paloverde-Mixed Cacti Desert Scrub 

Rosetophyllous Desert, 
Sarcocaulescent Shrubland, 
Crassicaulescent Shrubland, 
Sarco-crassicaulescent Shrubland 

Madrean Encinal, 
Mogollon Chaparral, 
Madrean Pinyon-Juniper Woodland, 
Colorado Plateau Pinyon-Juniper Woodland, 
Madrean Juniper Savanna, 
Madrean Pine-Oak Forest and Woodland, 
Madrean Upper Montane Conifer-Oak Forest and Woodland 

Chaparral, 
Oak-Pine Forest,  
Pine Forest,  
Oak Forest 

North American Warm Desert Riparian Woodland and 
Shrubland, 
North American Warm Desert Lower Montane Riparian 
Woodland and Shrubland, 
Introduced Riparian and Wetland Vegetation, 

Gallery Forest, 
Gallery Vegetation, 
Subtropical Shrubland 

North American Arid West Emergent Marsh, 
Introduced Riparian and Wetland Vegetation 

Tule Vegetation, 
Mangrove Swamp 

Undifferentiated Barren Land,  
North American Warm Desert Pavement,  
North American Warm Desert Active and Stabilized Dune,  
Chihuahuan Stabilized Coppice Dune and Sand Flat Scrub, 
Inter-Mountain Basins Shale Badland, 
North American Warm Desert Bedrock Cliff and Outcrop, 
North American Warm Desert Volcanic Rockland, 
North American Warm Desert Wash 

No Apparent Vegetation,  
Sandy Desert Vegetation,  
Coastal Dune Vegetation, 

Chihuahuan Creosotebush, Mixed Desert and Thorn Scrub, 
Sonora-Mojave Creosotebush-White Bursage Desert Scrub 

Microphylls Desert, 
Induced Pasture 

North American Warm Desert Playa, 
Inter-Mountain Basins Playa 

Hydrophilic Halophile Vegetation, 
Coastal Dune Vegetation 

Apacherian-Chihuahuan Mesquite Upland Scrub, 
North American Warm Desert Riparian Mesquite Bosque 

Xerophytic Mesquite, 
Mesquite Forest 

Apacherian-Chihuahuan Semi-Desert Grassland and Steppe Natural Grassland 

Sonora-Mojave Mixed Salt Desert Scrub Xerophytic Halophile Vegetation 
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Chapter 4. Discussions 

4.1 RF Model Performance 

 Variation of accuracies between category sampling combinations was limited but showed 

that increasing the number of samples in Category 2 (> 0.01% and < = 0.1% land cover) and 

Category 5 (> 10% land cover), had a negative effect on model accuracy. Increasing the number 

of samples from the majority classes, increased confusion among other classes with those 

classes. To avoid this, the performance of the majority classes was compromised as seen in the 

results. A future iteration of this research could utilize a decomposition-based approach that first 

distinguishes and removes the majority classes and then classifies the remaining classes with a 

separate classification algorithm (Fernández et al., 2018). 

The model performed best over sparsely vegetated cover including North American Warm 

Desert Active and Stabilized Dune (f-score = 0.99), North American Warm Desert Wash (f-score 

= 0.95), and Undifferentiated Barren Land (f-score = 0.94). These classes covered a large 

portion of the study area and thus provided an adequate number of samples for the training of the 

RF model. Additionally, these classes represent simpler land cover types that are quite stable 

with little change throughout the year (Figures 12c, 12d, 13c, 13d), providing for less noise 

within the signal and consequently more accurate classification. The model also performed well 

on Mojave Mid-Elevation Mixed Desert Scrub land cover (f-score = 0.96). This class appeared to 

have limited seasonality in both NDVI (Figure 12c) and EVI2 (Figure 13c) and was found in 

concentrated regions only within the northwest corner of the study area, which leads into the 

Mojave Desert. 

The model showed to have the most confusion on the minority classes in Category 1 (< = 

0.01% land cover) including North American Warm Desert Lower Montane Riparian Woodland 
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and Shrubland (f-score = 0.45) and Madrean Juniper Savanna (f-score = 0.52). This could be a 

result of the limited number of class samples available for use in training the RF model. These 

classes, in addition to Madrean Pinyon-Juniper Woodland (f-score = 0.47), are all ecosystems 

that are commonly found in transitional areas between biomes and are subject to disturbance 

from external factors such as species invasion and environmental stressors. When averaging 

spectral signals across the 8 years of data, these disturbances can alter the signal and introduce 

noise which confuses the classification algorithm further. Improving model confusion of 

minority classes is commonly done by adding additional training samples or improving the 

quality of existing samples. In land cover mapping, the addition of samples is limited to within a 

region of interest, thus oversampling algorithms, like SMOTE (Chawla et al., 2002), are 

commonly used to create synthetic data samples to address this issue (Douzas et al., 2019; 

Fernández et al., 2018; Naboureh et al., 2020). 

EVI2 and NDVI are complementary to one another and within our study area, EVI2 showed 

better capabilities at separating land cover types from one another (Figures 12 and 13). This 

trend is consistent with RWKHU�VWXGLHV�ZKLFK�KLJKOLJKWHG�(9,�¶V�DELOLW\�WR�SHUIRUP�EHWWHU�ZLWKLQ�

desert ecoregions. Generally, EVI2 has a smaller dynamic range but better separation capabilities 

as it responds more to NIR reflectance which is more sensitive to green vegetation in comparison 

to NDVI (Huete et al., 2002; White et al., 2009). The SWIR band is often used to discriminate 

between bare soil and vegetation (Nguyen et al., 2021) and could have been important to the 

PRGHO¶V�FODVVLILFDWLRQ�IRU�WKLV�UHDVRQ. Minimum, maximum, and average statistics of these 

IHDWXUHV�FRXOG�KDYH�EHHQ�FRQVLGHUHG�PRUH�LPSRUWDQW�LQ�WKH�PRGHO¶V�FODVVLILFDWLRQ�SURFHVV�

because they are unique among all classes, in comparison to standard deviation and delta values, 

which may be similar amongst classes.  
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Both quarter 2 (April ± June) and quarter 3 (July-September) are times of peak growing 

activity for vegetation within the Sonoran and Mojave Deserts because of the winter moisture 

followed by the onset of the warm temperatures and monsoon events (Méndez-Barroso et al., 

2009). In contrast, vegetation is less active during the winter months (quarter 1 (January-March) 

and quarter 4 (October-December)) when most are in dormancy. This trend was observed in our 

results (Figures 12 and 13) and can be linked to the increased importance of features from 

quarters 2 and 3. 

Season 1 NDVIMAX, DOP, and SOS had the highest importance to the model out of all of the 

phenology metrics used in training. Season 1 NDVIMAX and DOP illustrate the dynamic ranges 

of vegetation and are analogous to one another and indicate vegetation reaching its growth 

FOLPD[��7KH�626�PHWULF�LV�LQGLFDWLYH�RI�YHJHWDWLRQ¶V�DELOLW\�WR�LQLWLDWH�JURZWK�in response to 

moisture and spring warming for the year and can be different among vegetation types. These 

metrics are shown in Figure 14 in comparison to true-color images of the region. Season 2 

SKHQRORJ\�PHWULFV�PD\�KDYH�EHHQ�OHVV�LPSRUWDQW�WR�WKH�PRGHO¶V�GHFLVLRQ�SURFHVV�EHFDXVH�VHDVRQ�

1 dominates many of the land cover classes within the study area that exhibited only one growing 

season (Figure 15). 
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49 

(c) 

 
 
 
 
 
 
 

(d) 

 
 
Figure 12. Long-term annual average NDVI from 2013-2020 for (a) Forest & Woodland classes, 
(b) Shrub & Herb Vegetation classes, (c) Desert & Semi-Desert classes, and (d) Rock Vegetation 
classes. 
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(c) 

 
 
 
 
 
 
 
(d) 

 
 
Figure 13. Long-term annual average EVI2 from 2013-2020 for (a) Forest & Woodland classes, 
(b) Shrub & Herb Vegetation classes, (c) Desert & Semi-Desert classes, and (d) Rock Vegetation 
classes. 
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Figure 14. Comparison of the true color image and season 1 SOS, DOP, and NDVIMAX for 
sample locations within the study area. 
 

 
Figure 15. Distribution of Number of Seasons (NOS) metrics across all vegetation land cover 
classes within the study area. A number of seasons value of 0 indicates areas tuned out with the 
phenology extraction algorithm, including barren land, urban, and cropland.  

 

4.2 Evaluation of Results within Mexico 

Evaluation of the results for the land cover mapping across the US border in MX showed to 

represent land cover at a much finer resolution than that observed in the INEGI land cover map 
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(Figure 11). This refinement was noticeable in our evaluations, particularly for the North 

American Warm Desert Riparian Mesquite Bosque land cover class. This class was in close 

DJUHHPHQW�ZLWK�,1(*,¶V�Xerophytic Mesquite ODQG�FRYHU�FODVV��2XU�UHVXOWV�FDSWXUH�WKH�FODVV¶V�

vein-like structure with better definition and extent than the INEGI map, which commonly 

overrepresented or failed to identify the vegetation type. 

It was evident from the INEGI land use and vegetation data that new vegetation types would 

appear in the southern region of the study area, particularly along the coast of the Gulf of 

California. Some of these new vegetation types were considerably different from the vegetation 

classes used in the training of our RF model, including Mangrove Swamp. This observation gives 

rise to the need of incorporating additional training classes, such as mangrove swamp vegetation, 

into the model in order to identify new vegetation types that are unique to the MX region of BCR 

33. 
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Chapter 5. Conclusions 

This research has purposed a set of methods and data fusion approaches using Landsat 8 

spectral data and phenology metrics to produce an RF classification model capable of classifying 

31 different land cover class types within the Sonoran and Mojave Deserts BCR. The final land 

cover map produced from this study captured the spatial distribution of vegetation to a much 

finer resolution than that observed in existing land cover maps for both the US and MX. Our 

results supported the assumption that land cover labels provided within the US portion of the 

study area were representative of vegetation south of the border, allowing for the extension of 

our classification system into the MX region of BCR 33. While our results were mostly robust, 

they did highlight the need for a unified land cover classification scheme across the US and MX 

portions of BCR 33. Aside from the validation conducted in this study, future research should 

focus on ground-based validation data collection within MX to further assess the accuracy of our 

results. 

An interactive, online data viewing application was prototyped via the University of Arizona 

Vegetation Index and Phenology Lab website (vip.arizona.edu), to host the final high-resolution 

land cover map, prepared data, and supporting information obtained through this research. This 

application serves as a resource to the stakeholders, regional agencies, and non-governmental 

organizations involved in this research, in support of their habitat conservation and land 

management efforts within the Sonoran and Mojave Deserts BCR.  
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APPENDIX A 

A.1. GAP Land Cover Class Descriptions 

Descriptions for the selected GAP land cover classes used in this research can be found on 

the NatureServe Explorer website, https://explorer.natureserve.org/Search (NatureServe 

Explorer, 2022). 

 

A.2. INEGI Land Cover Class Descriptions 

Below are the INEGI land cover class descriptions translated and summarized from Guta 

para la interpretaciyn de cartografta : uso del suelo y vegetaciyn (Instituto Nacional de 

estadística y Geografía (INEGI), 2015), as well as supporting images of the class from the 

document. Classes are identified by their name in English and then in Spanish, as well as the ID 

assigned to the class by INEGI.  

 
Chaparral (Chaparral) (ML): This plant community is an association of sclerophyllous shrubs 
or trees that range from 1 to 4 meters tall. It is found along plains, valleys, and hills, occasionally 
interspersed with other types of vegetation. It develops in semi-warm and semi-cold climates 
with low humidity, as well as in sub-humid temperate climates. The average annual precipitation 
varies between 350 and 600 millimeters, with more than 75% of the precipitation occurring 
during the months of October to April. In the dry months (May to October) temperatures rise and 
the frequency of rain decreases causing the chaparral to dry out. In the months of July and 
August, the community is highly susceptible to fire. After burning, many of the species 
regenerate rapidly due to the heating during the fire. This plant community is very characteristic 
of the northern region of the Baja California peninsula. The most common species of Chaparral 
in Baja California are Adenostoma fasciculatum, Arctostaphylos spp., Ceanothus spp., Quercus 
spp., Eriogonum fasciculatum, Cercocarpus spp., Mimulus spp., Rhamnus spp., Heteromeles 
arbutifolia and Hesperoyucca whipplei.  
 

https://explorer.natureserve.org/Search


56 

Coastal Dune Vegetation (Vegetación de 
Dunas Costeras) (VU): Plant community that 
is characterized by small and succulent plants 
that are established along the coasts. The 
species that form it play an important role as 
pioneers and fixers of sand, thereby 
preventing the sand from being dragged by the 
wind and waves. Some of the species that can 
be found are prickly pear (Opuntia dillenii), 
kidney (Ipomoea pes- caprae), carpet (Abronia 
maritima), (Croton spp.), purslane (Sesuvium 
portulacastrum), etc. You can also find some 
woody plants and grasses such as uvero (Coccoloba uvifera), pepe (Chrysobalanus icaco), 
cruzeto (Randia sp.), hawthorn (Acacia sphaerocephala), mesquite (Prosopis juliflora), and salt 
grass (Distichlis spicata). 
 
Crassicaulescent Shrubland (Matorral 
Crasicaule) (MC): Plant community located 
mainly in the semi-arid zones of central and 
northern Mexico, with distribution marking 
the tropical and temperate limits inside the 
Chihuahuan Desert. These communities 
develop on shallow soils on the slopes of 
hills of a volcanic nature, although they also 
descend to adjoining alluvial soils. The 
average annual rainfall varies between 300 
and 600 millimeters and the average annual 
temperature is 16 to 22°C. Community composition can vary depending on the latitudinal 
gradient and soil type. Thicket height generally reaches 2 to 4 meters, with varying density, and 
can reach almost 100% coverage. Numerous herbaceous plants and other cylindropuntia can be 
found within the community. In some parts of San Luis Potosí and Guanajuato it is associated 
with Myrtillocactus geometrizans and sometimes Stenocereus spp.  
 
Gallery Forest (Bosque de Galería) (BG): Tree community that forms in narrow strips on the 
banks of rivers and streams. They are commonly found in temperate to dry climates where there 
is considerable spatial variation in altitude, temperature, and precipitation. Species can tolerate 
temporary flooding and favor moist soil conditions. The dominant tree stratum ranges from 4-30 
meters tall, with evergreen, sub deciduous and deciduous species. Common species include 
sabino or ahuehuete (Taxodium mucronatum), willow (Salix spp.), ash tree (Fraxinus spp.), 
poplar (Populus spp.), sycamore alder or poplar (Platanus spp.) and Astianthus viminalis. 
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Gallery Vegetation (Vegetación de 
Galería) (VG): Shrub communities, 
occasionally with sub-arboreal elements, 
that develop on the banks of rivers and 
streams. They are found in temperate to 
dry climate zones that range in 
temperature, humidity, and altitude. They 
develop on land with shallow water tables, 
usually in the bed of dry rivers. In this type 
of vegetation, a single shrub layer 
generally predominates, which can present 
the appearance of a dense or spaced thicket, usually of evergreen elements, with a height 
between 1 to 2 meters. Common genera that can integrate gallery vegetation are Baccharis, 
Chilopsis, Senecio, Acacia, Mimosa and Salix. Mesquites (Prosopis sp.) are also commonly 
associated with the community in the northwest and north regions of Mexico.  
 
Induced Pasture (Pastizal Inducido) (PI): 
This community is dominated by grasses or 
graminoids that appear because of the 
clearing of vegetation. It can also establish 
itself in abandoned agricultural areas or as a 
product of areas that burn frequently. 
Induced grasslands sometimes correspond to 
a phase in the normal succession of plant 
communities, the climax of which is usually 
a forest or scrub. As a result of heavy grazing 
or periodic fires, the succession process often 
stops and the induced grassland remains as 
such, as long as the human activity that 
maintains it lasts. Other times the induced 
grassland is not part of any normal series of community succession but is established and 
endures as a result of an intense and prolonged disturbance, exerted through logging, fires, 
grazing and factors from the natural environment, such as the tendency to produce changes in the 
soil that favor the maintenance of the grassland. At altitudes above 2,800 meters, secondary 
communities are often similar to high mountain meadows, made up of tall grasses that grow in 
extensive tillers. Below altitudes of 3,000 meters, induced grasslands derived from oak and pine 
forests are much more varied and generally do not have the appearance of very broad tillers. 
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Mangrove Swamp (Mangular) (VM): 
A dense plant community dominated 
mainly by a group of tree species known 
as mangroves, which are distributed 
along the coasts of the Pacific Ocean, 
Gulf of California, and Atlantic Ocean, in 
areas with warm humid and sub-humid 
climates and at very low altitude. It 
develops on the margins of coastal 
lagoons, estuaries, and at the mouths of 
rivers and streams, but also in the low 
and muddy parts of the coasts; always on 
deep soils, in flooded sites without strong 
waves or with stagnant water. One feature of mangroves is the presence of stilt-shaped roots, or 
pneumatophores, which are adaptation characteristics that allow them to be in direct contact with 
brackish water, without necessarily being halophytic plants. Mangroves are evergreen species 
and the dominant stratum they form is generally arboreal, although it can also be sub-arboreal or 
even shrubby. The heights of the mangroves can vary from 1-30 meters. In Mexico, four species 
predominate in the mangroves, red mangrove (Rhizophora mangle), salt mangrove (Avicennia 
germinans), white mangrove (Laguncularia racemosa) and buttonwood mangrove (Conocarpus 
erectus). Frequently these species are associated with each other, but with different degrees of 
dominance. 
 
Mesquite Forest (Bosque de Mezquite) 
(MK): Tree community with species of 
Prosopis that develops in alluvial soils of 
valley bottoms and depressions in the 
plains where the water table remains 
shallow. It is also common along streams 
and intermittent rivers in semi-arid regions, 
such as in the Llanura de Río Verde, 
S.L.P., in the Valley of Aguascalientes, 
Ags., or parts of the Bajío in Guanajuato. 
In Baja California these mesquite forests 
occur along intermittent streams, standing 
out from the surrounding vegetation. They 
frequently form arboreal communities between 5-20 meters tall. This type of community is 
distributed throughout Mexico, but very fragmented due to its ecological requirements. 
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Microphylls Desert (Matorral Desértico 
Micrófilo) (MDM): Thicket extending to 
the driest areas of Mexico and in areas 
where rainfall is less than 100 millimeters 
per year. Vegetation cover can reach 20%, 
but in unfavorable climates coverage is 
only 3% of the surface. Plant height varies 
from 0.5-1.5 meters. Larrea and Ambrosia 
constitute 90-100% of the vegetation in this 
area, developing preferably on plains and 
lower parts of alluvial fans, although in 
more pronounced arid conditions they also 
thrive on hillsides. Along the drainage 
routes or in places with a pronounced slope there are bushes with species of Prosopis, Cercidium, 
Olneya, Condalia, Lycium, Opuntia, Fouquieria, Hymenoclea, Acacia, and Chilopsis. In the 
Sonoran Desert, Larrea extends to the town of Guaymas, where it forms patches of pure or 
almost pure scrub. Larrea is often the only dominant species, other times, together with 
Flourensia, it forms 80-100% of the vegetation. Flourensia thickets are less frequent and the one 
observed near Actopan, Hidalgo, marks the southern end of the community's distribution. This 
plant community occupies most of the surface of the arid zone of Chihuahua, located on the 
Altiplano and extending from Chihuahua and Coahuila to Hidalgo in altitudes which are not 
lower than 1,000 meters. 
 
Natural Grassland (Pastizal Natural) 
(PN): This community is dominated by 
species of grasses and graminoids, 
sometimes accompanied by herbs and 
shrubs from different families such as 
Compositae and legumes. It is found in the 
transition zone between the xerophytic 
scrublands and different types of forests. 
The extensive area of natural grasslands in 
North America enters Mexican territory in 
the form of a narrow wedge that runs along 
the base of the Sierra Madre Occidental 
from Sonora and Chihuahua to 
northeastern Jalisco and neighboring areas of Guanajuato. This continuous strip consists of plant 
communities dominated by grasses that constitute the most important area of natural grasslands 
in Mexico. These Natural Pastures develop in moderately deep soils of plateaus, valley bottoms 
and slightly inclined slopes, almost always of an igneous nature, at altitudes between 1,100-
2,500 meters, although in Sonora they can be found at 450 meters. The average annual 
temperatures vary in most of its extension from 12 to 20°C. Seasonal and diurnal fluctuations are 
relatively pronounced, such as annual frosts and snowfalls that occur with some frequency in the 
highlands of Chihuahua and Sonora, registering extreme minimum temperatures of -20 to 45°C. 
The average annual rainfall is around 300-600 millimeters, with 6-9 dry months and atmospheric 
humidity remains low for most of the year. The soils typical of these grasslands are generally 



60 

neutral (pH 6 to 8), with a texture that varies from clayey crumb to sandy crumb and reddish to 
brown coloration, frequently with a continuous horizon of chalky or ferruginous concentration. 
They are usually fertile soils and moderately rich in organic matter, although they erode easily 
when they are in decline and lack sufficient protection by vegetation. These grasslands are 
generally of medium height, from 20-70 centimeters, although due to intense grazing they are 
almost always kept lower. The pale yellowish color is characteristic during most of the year and 
the community only turns green in the wettest season. Coverage varies and is related to the use of 
the grassland, but it rarely exceeds 80% and is frequently less than 50%. Woody plants are often 
completely absent, when they do exist they only play a secondary role in the disturbance, 
sometimes forming one to two strata. Species of the Bouteloua genus are frequently dominant or 
codominant in the associations and the most common of all is Bouteloua gracilis, which prevails 
in wide expanses of grassland, especially in places where overgrazing has not been a disruption.  
 
No Apparent Vegetation (Sin Vegetación Aparente) (DV): Areas where no plant community 
is visible or detectable. This includes wastelands, coastal deposits, riverbanks and areas where 
ecological factors do not allow or limits the development of vegetation cover. 
 
Oak Forest (Bosque de Encino) (BQ): 
This forest is generally found as a 
transition between coniferous forests and 
jungles. This type of community is 
closely related to pine forests, forming a 
series of complex mosaics. Forests are 
made up of evergreen or deciduous trees 
with a variable flowering and fruiting 
period, although generally flowering 
occurs in the dry season of the year from 
December to March, and the fruits ripen 
between June and August. Forest grows 
in warm, humid temperate or sub-humid to dry climates, with annual temperatures ranging from 
10-26°C and average annual rainfall ranging from 350-2,000 millimeters. It develops in very 
diverse ecological conditions from sea level to altitudes of 3000 meters. They are found mainly 
in north and west exposure. The size of the trees varies from 4-30 meters in height and they 
range from open to very dense forests. These communities are made up of different species of 
oaks of the genus Quercus (more than 200 species in Mexico). The most common species of 
these communities are the laurel oak (Quercus laurina), the nopis oak (Q. magnoliifolia), the 
white oak (Q. candicans), the oak (Q. crassifolia), the oak quebracho (Q. rugosa), tesmolillo oak 
(Q. crassipes), and spoon oak (Q. urbanii). This community is distributed in almost the entire 
country of Mexico, especially in the Sierra Madre Oriental, the Sierra Madre Occidental, the 
Neovolcanic Axis, the Sierra Madre del Sur and the Sierra Norte de Oaxaca, Coastal Plain of the 
Southern Gulf, with the exception of the Yucatan Peninsula. 
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Oak-Pine Forest (Bosque de Encino-
Pino) (BQP): Forest communities made 
up of oaks (Quercus spp.) and to a 
somewhat lesser extent of pines (Pinus 
spp.). It develops mainly in areas of 
greater forest importance, in the lower 
altitude limits of the pine-oak forests at 
300-2,800 meters. These communities 
show smaller size and height than those 
where the pine dominates over the oak, 
with a height of 8-35 meters. They are 
composed of evergreen and deciduous 
trees, with flowering and fruiting varying 
throughout the year. Forests develop in 
temperate, semi-cold, semi-warm, warm, humid, and sub-humid climates with temperatures that 
oscillate between 10 and 28°C and with summer rains collecting a total annual precipitation that 
varies from 600-2,500 millimeters. Communities are distributed mainly in the mountainous 
systems of the country, concentrating the majority in the Sierra Madre Occidental, Neovolcanic 
Axis and Sierra Madre del Sur and to a lesser extent Sierra Madre Oriental, Cordillera Centro 
Americana, Sierras de Chiapas, and Guatemala, North Gulf Coastal Plain, Mesa del Centro, and 
Baja California Peninsula. 
 
Pine Forest (Bosque de Pino) (BP): 
Forests dominated by species of pine trees 
with evergreen leaves. Pine trees have an 
average height of 15-30 meters. The 
lower layer of forest is relatively poor in 
shrubs and abundant in herbaceous 
species due to frequent fires and logging. 
The climates where they develop are 
temperate and semi-warm and sub-humid 
areas with an average annual temperature 
that varies from 6-28°C and summer rains 
that collect an annual rainfall of 350-1200 
millimeters. Species have a heterogeneous flowering and fruiting season as a result of varying 
climatic conditions. Forests start at an altitude of 150 meters and go up to the altitude limit of 
arboreal vegetation at 4,200 meters. They form on slopes ranging from 10-75%, in different 
exposures, although they prefer those facing north. Plant communities are located in the 
mountain ranges throughout Mexico, from Baja California to Chiapas, and a small population in 
Quintana Roo. The most important areas are in the Sierra Madre Occidental and the Neovolcanic 
Axis. 
 



62 

Rosetophyllous Desert (Matorral 
Desertico Rosetofilo) (MDR): Scrubland 
dominated by species with rosette leaves. 
Species are with or without thorns and 
without apparent or well-developed stems. 
It is generally found on xerosol-type soils 
on the slopes of hills of sedimentary origin 
in the upper parts of alluvial fans or on 
conglomerates in almost all the arid and 
semi-arid zones of the center, north and 
northwest regions of Mexico. Some of the 
most economically important species of 
these arid regions grow here, including Agave lechuguilla (lechuguilla), Agave spp., Hechtia 
spp. (guapilla), Dasylirion spp. (sotol), Euphorbia antisyphilitica (candelilla), Parthenium 
argentatum (guayule), and Yucca carnerosana (palma samandoca). The presence of 
accompanying cacti is notable.  
 
Sandy Desert Vegetation (Vegetacion de 
Desiertos Arenosos) (VD): Plant 
community that is mainly made up of 
perennial shrubs whose perforating roots 
are anchored in the unconsolidated sand and 
form colonies by vegetative reproduction. 
7KH\�DUH�JURXSHG�E\�³VSRWV´�LQ�H[WUHPHO\�
arid deserts. Some of the species that can be 
found in this area are Larrea tridentata 
(Governor, Hediondilla), Prosopis spp. 
(Mesquites), Yucca spp., Atriplex spp., 
(Saladillos), Opuntia spp. (Chollas, 
Nopales), Ephedra trifurca (Hitamo), and 
Ambrosia dumosa (Donkey grass). These species come from surrounding areas, generally with 
microphylls desert scrub or mesquite vegetation. This type of vegetation covers large regions 
mainly in the arid zones of Coahuila, Chihuahua, Sonora and Baja California, as is the case in 
much of the northwest region of Mexico. 
 
Sarco-crassicaulescent Shrubland 
(Matorral Sarco-Crasicaule) (MSCC): 
This plant community has many life forms 
including shrubs and cacti. The 
representative species of this community 
are Fouquieria columnaris (cirio), 
Pachycormus discolor, Fouquieria spp., 
Pachycereus spp., Opuntia spp., and 
Pedilanthus macrocarpus. It maintains a 
close relationship with the sarcocaules 
scrubs and the crasicaules scrubs. This 
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community develops in arid climate conditions that range from dry to very dry, with a maximum 
temperature of 48°C and a minimum of 18°C. It is located at an altitude ranging from 100 up to 
1,600 meters, in a diverse range of coastal plains, hills, plateaus, mountains and valleys. Its 
distribution is in the northwest region of Mexico, encompassing the states of Sinaloa, Sonora, 
Baja California and Baja California Sur, characterized by sarcocaules species with thick and 
fleshy stems and crasicaules with succulent and juicy stems.  
 
Sarcocaulescent Shrubland (Matorral 
Sarcocaule) (MSC): Plant community 
dominated by bushes with thick, fleshy 
stems that are frequently twisted and some 
with papery bark. They are found on rocky 
terrain and shallow soils in dry climates 
and are characterized by their ability to 
adapt to arid conditions. The maximum 
temperatures in which this type of 
vegetation develops is 22-24°C and the 
minimum temperatures are 12-15°C. This 
type of scrub is found between 0-500 
meters of altitude on the Mexican Pacific 
coast. It extends from the south of Baja California to the Los Cabos region in Baja California Sur 
and in the mainland of Mexico in the coastal regions of the Sonoran and Sinaloan plains to the 
municipality of Angostura, Sinaloa. In Sonora, it is found in regions of hills at medium 
elevations or in shallow soils on hillsides and is made up of species such as Jatropha spp., 
Cercidium microphyllum, Opuntia spp., and Carnegiea gigantea. It is an open or moderately 
dense and floristically rich thicket with species of Acacia sp., Prosopis sp., Larrea sp., Celtis sp., 
Encelia sp., Olneya sp., and Ferocactus sp., as well as numerous perennial herbaceous plants 
including ferns and Selaginelales sep. Similarly, this scrub is found on the southern half of the 
Baja California Peninsula, at the height of the Sierra San Francisco, La Giganta and all the 
intermediate hills. Cacti species in this region include Pachycereus pringlei, Lophocereus 
schottii, Stenocereus gummosus and Cylindropuntia cholla. Additional genera species also 
appear, such as Bursera spp. Cercidium sp., and Prosopis sp. 
 
Subtropical Shrubland (Matorral Subtropical) (MST): Plant community made up of low, 
unarmed, or thorny bushes or trees that develop in a wide ecological transition zones between 
low Deciduous Forests and the thickets of arid and semi-arid zones and grasslands, occasionally 
with temperate forests (of oak or pine-oak). This community is found mainly from the northwest 
region of Mexico into the upper parts of the canyons of the Sierra Madre Occidental. It is 
characterized by presenting two or three arboreal, shrubby, and herbaceous strata, the most 
important stratum being the shrubby, which presents characteristic heights between 2-4 meters 
and crowns that cover 60% of the surface. It develops in temperate climates up to semi-warm 
climates with an average annual temperature between 18-22°C. It is the most humid of the semi-
warm climates with rains in summer and with less than 5% of winter rain, the average annual 
precipitation fluctuates between 350-1,000 millimeters. It is located at altitudes between 300-
1,900 meters on regosol, lithosol, cambisol and some feozem soils. Most of the plants in this 
community lose their foliage over a prolonged period of the year. Some of the primary species 
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include Ipomoea sp. (Cazahuates), Bursera sp. (Copal trees, Papelillos), Eysenhardtia 
polystachya (Vara dulce), Acacia pennatula (Tepame), and Antigonon leptopus. Its distribution is 
located mainly in the northwest of Mexico, particularly in the state of Sonora. 
 
Tule Vegetation (Tular) (VT): 
Community of aquatic plants distributed 
mainly in highlands and coastal plains 
in places with climates from warm to 
temperate and with wide ranges of 
temperature, precipitation and altitude. 
It develops in shallow freshwater or 
saltwater lagoons and lakes, as well as 
in swampy areas, canals, and river 
pools. The plants of this community 
live rooted in the earth and constitute 
dense masses with long and narrow 
leaves, practically forming a single 
herbaceous layer from 0.8-2.5 meters high. It is made up of tule (Typha spp.) and tulillo (Scirpus 
spp.) plants, but it also includes reedbeds of Phragmites australis and Arundo donax and the 
³VDLEDGDOHV´�RI�&ODGLXP�MDPDLFHQVH�IURP�WKH�southeast of Mexico.  
 
Xerophytic Halophile Vegetation 
(Vegetacion Halofila Xerofila) (VH): 
Community made up of herbaceous or 
shrubby plant communities that are 
characterized by developing on soils with a 
high salt content. It is common in the lower 
parts of closed basins in arid and semi-arid 
zones. This community is characterized by 
low-lying species dominated by 
rhizomatous grasses and rigid stems, in 
addition to a scarce coverage of shrubby 
species. This vegetation develops in areas 
where climatic and geological factors gave rise to saline areas. The best represented families are 
Gramineae and Chenopodiaceae, with the inclusion of Frankeniaceae in northwestern Mexico. 
Succulence is a common feature in halophytes from different families, as well as vegetative 
reproduction and high osmotic pressure. 
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Xerophytic Mesquite (Mezquital 
Xerofilo) (MKX): Shrubby plant 
community associated with other types of 
xerophytic scrub such as microphylls desert 
scrub. It occurs mainly in plains, and to a 
lesser extent on mountains and hills 
throughout northern Mexico, 
discontinuously in the states of Chihuahua, 
Zacatecas, and San Luis Potosí. The 
predominant climate types are very dry arid 
and semi-arid with a maximum temperature 
of 45°C and a minimum temperature of -
3°C. The average annual precipitation is 
100-700 millimeters. This type of community develops at altitudes from 100-2,300 meters. 
Common species present are Prosopis juliflora, Acacia spp., Opuntia spp., Jatropha spp., and 
Bouteloua spp. 
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APPENDIX B 

B.1. Category Sampling Results 

Table B.1. Results for combinations of sampled category fractions. 
Combination Category 1 Category 2 Category 3 Category 4 Category 5 OA (%) F-score 

1 1 0.4 0.04 0.04 0.0004 89.65 0.81 

2 1 0.6 0.04 0.04 0.0004 89.09 0.81 

3 1 0.8 0.04 0.04 0.0004 88.76 0.80 

4 1 0.4 0.06 0.04 0.0004 89.81 0.81 

5 1 0.6 0.06 0.04 0.0004 88.83 0.81 

6 1 0.8 0.06 0.04 0.0004 88.55 0.80 

7 1 0.4 0.08 0.04 0.0004 89.21 0.81 

8 1 0.6 0.08 0.04 0.0004 88.52 0.80 

9 1 0.8 0.08 0.04 0.0004 88.15 0.80 

10 1 0.4 0.04 0.06 0.0004 90.99 0.80 

11 1 0.6 0.04 0.06 0.0004 90.44 0.80 

12 1 0.8 0.04 0.06 0.0004 89.93 0.79 

13 1 0.4 0.06 0.06 0.0004 90.78 0.81 

14 1 0.6 0.06 0.06 0.0004 90.24 0.80 

15 1 0.8 0.06 0.06 0.0004 89.8 0.80 

16 1 0.4 0.08 0.06 0.0004 90.36 0.80 

17 1 0.6 0.08 0.06 0.0004 89.59 0.79 

18 1 0.8 0.08 0.06 0.0004 89.34 0.79 

19 1 0.4 0.04 0.08 0.0004 91.93 0.80 

20 1 0.6 0.04 0.08 0.0004 91.52 0.79 

21 1 0.8 0.04 0.08 0.0004 91.06 0.79 

22 1 0.4 0.06 0.08 0.0004 91.77 0.81 

23 1 0.6 0.06 0.08 0.0004 91.06 0.80 

24 1 0.8 0.06 0.08 0.0004 90.76 0.79 

25 1 0.4 0.08 0.08 0.0004 91.23 0.80 

26 1 0.6 0.08 0.08 0.0004 90.66 0.79 
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27 1 0.8 0.08 0.08 0.0004 90.31 0.79 

28 1 0.4 0.04 0.04 0.0006 89.36 0.81 

29 1 0.6 0.04 0.04 0.0006 88.7 0.81 

30 1 0.8 0.04 0.04 0.0006 88.4 0.80 

31 1 0.4 0.06 0.04 0.0006 89.35 0.81 

32 1 0.6 0.06 0.04 0.0006 88.52 0.81 

33 1 0.8 0.06 0.04 0.0006 88.38 0.80 

34 1 0.4 0.08 0.04 0.0006 88.95 0.81 

35 1 0.6 0.08 0.04 0.0006 88.21 0.80 

36 1 0.8 0.08 0.04 0.0006 87.9 0.80 

37 1 0.4 0.04 0.06 0.0006 90.8 0.80 

38 1 0.6 0.04 0.06 0.0006 90.16 0.80 

39 1 0.8 0.04 0.06 0.0006 89.59 0.79 

40 1 0.4 0.06 0.06 0.0006 90.53 0.81 

41 1 0.6 0.06 0.06 0.0006 89.88 0.80 

42 1 0.8 0.06 0.06 0.0006 89.75 0.80 

43 1 0.4 0.08 0.06 0.0006 90.16 0.80 

44 1 0.6 0.08 0.06 0.0006 89.41 0.80 

45 1 0.8 0.08 0.06 0.0006 88.99 0.79 

46 1 0.4 0.04 0.08 0.0006 91.67 0.80 

47 1 0.6 0.04 0.08 0.0006 91.1 0.79 

48 1 0.8 0.04 0.08 0.0006 90.73 0.79 

49 1 0.4 0.06 0.08 0.0006 91.6 0.80 

50 1 0.6 0.06 0.08 0.0006 90.78 0.80 

51 1 0.8 0.06 0.08 0.0006 90.63 0.80 

52 1 0.4 0.08 0.08 0.0006 90.96 0.79 

53 1 0.6 0.08 0.08 0.0006 90.25 0.79 

54 1 0.8 0.08 0.08 0.0006 90.12 0.79 

55 1 0.4 0.04 0.04 0.0008 89.15 0.81 

56 1 0.6 0.04 0.04 0.0008 88.53 0.80 

57 1 0.8 0.04 0.04 0.0008 88.28 0.80 
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58 1 0.4 0.06 0.04 0.0008 89.15 0.81 

59 1 0.6 0.06 0.04 0.0008 88.56 0.81 

60 1 0.8 0.06 0.04 0.0008 88.13 0.80 

61 1 0.4 0.08 0.04 0.0008 88.75 0.81 

62 1 0.6 0.08 0.04 0.0008 88.02 0.80 

63 1 0.8 0.08 0.04 0.0008 87.74 0.80 

64 1 0.4 0.04 0.06 0.0008 90.55 0.80 

65 1 0.6 0.04 0.06 0.0008 89.9 0.80 

66 1 0.8 0.04 0.06 0.0008 89.49 0.79 

67 1 0.4 0.06 0.06 0.0008 90.29 0.81 

68 1 0.6 0.06 0.06 0.0008 89.77 0.81 

69 1 0.8 0.06 0.06 0.0008 89.23 0.80 

70 1 0.4 0.08 0.06 0.0008 89.87 0.80 

71 1 0.6 0.08 0.06 0.0008 89.26 0.80 

72 1 0.8 0.08 0.06 0.0008 88.92 0.80 

73 1 0.4 0.04 0.08 0.0008 91.53 0.80 

74 1 0.6 0.04 0.08 0.0008 90.77 0.79 

75 1 0.8 0.04 0.08 0.0008 90.46 0.79 

76 1 0.4 0.06 0.08 0.0008 91.09 0.80 

77 1 0.6 0.06 0.08 0.0008 90.63 0.80 

78 1 0.8 0.06 0.08 0.0008 90.32 0.80 

79 1 0.6 0.08 0.08 0.0008 90.19 0.80 

80 1 0.4 0.08 0.08 0.0008 90.72 0.79 

81 1 0.8 0.08 0.08 0.0008 89.86 0.79 
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