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ABSTRACT 

The effect of soil and water conservation structures (SWCS) conditions on 

vegetation in drylands is important because intact SWCS allow water storage that 

facilitates the infiltration, increases soil moisture and enhances vegetation cover. In 

contrast, failed SWCS cause redirection of runoff, channel incision, and lateral head 

cutting (Nichols et al., 2017).The present study assessed the impact of SWCS on 

remotely-sensed vegetation cover and landscape fragmentation metrics during the wet 

and dry seasons for 2017, 2018, and 2019 at the Buenos Aires National Wildlife Refuge. 

Multispectral PlanetScope and UAV color imagery were used to develop Land Use Land 

Cover Change maps, the Normalized Difference Vegetation Index (NDVI), and the 

Fraction Vegetation Cover (FVC). Creating and analyzing a range of different buffers 

sizes for all three products, I examined which intact and failed SWCS had an impact on 

vegetation cover and where that happened. 

Land Cover maps created using a supervised Classification and Regression Trees 

(CART) algorithm had an overall accuracy higher than 90% for all maps used in the study. 

Post-classification change between dry and wet seasons detected an increase in the 

grass/desert vegetation and a decrease for the shrubs/trees class in 2017 and 2018. This 

decrease can be explained because a) the woody cover presents greater variations 

particularly in dry years, b) small shrubs without leaves are hard to distinguish in imagery 

and they can die off quicker in a drought situation, and c) the data and methodology 

selected for this study could not detect the small shrubs/trees class in 2017 and 2018.    

The t-test and ANOVA statistics for NDVI and FVC revealed differences between 

intact and failed SWCS in the floodplain and the upland. The landscape metrics 



 

23 

demonstrated that SWCS’s effects on vegetation cover based on fragmentation metrics 

were more evident during the wet season for 2017 and 2018 than for the dry season. 

It is necessary to identify the value of the SWCS to wildlife to determine if the 

structures should be maintained when they begin to deteriorate because the SWCS are 

related to increasing species richness associated with expanding shrubs/trees vegetation 

cover.  

 

Keywords: Land Cover Change; Fraction Vegetational Cover, Classification and 
Regression Trees; High spatial resolution imagery; PlanetScope, UAVs, fragmentation. 
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I. INTRODUCTION 
This section consists of three components. First, a historical overview of the soil 

and water conservation structures (SWCS) in the Buenos Aires National Wildlife Refuge 

(BANWR) will be described. Second, remotely sensed Land Use and Land Cover 

(LULC) studies will be discussed. Third, the remote sensing for monitoring vegetation is 

introduced, and the chapter finishes with the dissertation organization. 

During the 1930s, the U.S. Soil Conservation Service constructed soil and water 

conservation structures such as water spreader berms, long dikes, and stock tanks in the 

western U.S. whose purpose was to provide water to cattle and vegetation as well as 

reduce erosion problems (Helms, 1992). Some of these structures were constructed in the 

Buenos Aires National Wildlife Refuge (BANWR), which was used for ranching before 

being established in 1985. Sayre (2002) stated that the BANWR’s early owners, La Osa 

Livestock and Fred Gill and Sons, invested in constructing dams for water conservation 

and erosion control, and fences for grazing control. The Victorio Company made efforts 

to remove mesquite trees and revive the previous owners’ efforts to maintain the 

rangeland in good condition. However, since the BANWR was established, there have 

been no activities related to the long-term maintenance of these structures. 

Nichols et al. (2017) studied the geomorphic impacts of earth berms, water control gates, 

and stock tanks in the BANWR.  The functional condition of these water and soil 

conservation structures was inventoried, mapped, and assessed. The study showed that 

the percentage of intact structural conditions for the long earthen berms, water spread 

berms, water control structures, and stock tanks was 52%, 65%, 76%, and 94%, 

respectively. 
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The use of Remote Sensing (RS) in Land Cover Change studies has increased in 

the last decades due to benefits associated with it. Remote Sensing involves the processes 

and methods for data acquisition carried out without physical contact with the subject, 

substance, or event of concern (Tang et al., 2014). It is a robust monitoring mechanism to 

examine phenomena (e.g., cyclic events or events that occurred decades ago) and keep 

track of their progression at different scales. Land Use Land Cover Change (LULCC) 

studies are essential because they allow determination of the extent, location, and which 

LULC classes are changing. This information is beneficial to all planners, researchers, 

and land plan managers involved in managing rangelands and natural parks. 

Land cover mapping is one of the basic ingredients for Land Cover Change 

(LCC) Studies in protected areas. Land cover mapping can provide needed information to 

assess and understand different global problems, for instance, global change mitigation, 

deforestation, land degradation, land abandonment, land conversion to agriculture, and 

urbanization. To address these problems, data and information must be accurate and 

synoptic, spatially and thematically detailed, and updated in a systematic manner (Wulder 

et al., 2009). 

Utilizing RS technology in land-use (LU) and land-cover (LC) detection of 

changes provides some advantages. For instance, RS can be a relatively inexpensive 

method to acquire updated information over large geographical areas in digital format 

that is easy to manipulate and allows for repetitive measurements. 

 Additionally, other benefits include data in the visible and infrared spectral 

ranges, access to remote areas where accessibility is a concern, and an unbiased view of 

LU/LC (Giri, 2012). Recently, the importance of RS data in natural resources monitoring 
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programs has increased, providing managers with a useful tool to make better decisions 

(Kennedy et al., 2009). It is essential to highlight that RS used for monitoring can be 

enhanced with background knowledge in change detection techniques. Land cover 

classification is directly related to vegetation cover because it is one of the important 

features in almost all the parts of the earth’s surface. Environmental factors such as 

drought, precipitation, and climatological events can affect vegetation growth and 

Normalized Difference Vegetation Index (NDVI) values (Baumann et al., 2017).  

Another element that is important in the LC Change studies is the study of 

Landscape Ecology (LE). Landscape Ecology emphasizes the importance of considering 

the spatial pattern of impacts on critical ecological processes, such as the distribution and 

alteration of species, regeneration trends, and successive cycles. Multi-spectral -spatial 

and -temporal satellite imagery are digital representations of the landscape mosaic; 

therefore, spatial relationships can be extracted from image information for different 

seasons and years. A study related to landscape metrics by Verbesselt et al. (2010), who 

stated that landscape changes caused by natural or anthropogenic actions occur in 

different temporal scales and that changes can be abrupt, gradual, or seasonal.  

Landsat data is commonly used for LU/LC analysis. Homer et al. (2004) created 

accurate LULC maps using Landsat remotely sensed data to distinguish between different 

land covers in the United States. Land Use Land Cover Change (LULCC) studies are 

essential because they attempt to explain the determination of the location, which land 

cover types are changing, the types of transformation occurring, the extent or rate of 

change, and the driving forces that caused the change (Loveland and Acevedo, 2006). 

However, there are some limitations, such as cloud cover, low temporal resolution (16 
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days if not cloudy), and spatial resolution(30m). One challenge for large areas is 

obtaining representative training and testing data to classify LC reliably. One alternative 

to address this problem is to use fine spatial resolution imagery from Planet Labs 

cubesats (planet.com; 3-5m for PlanetScope data made available to students), which can 

offer a higher level of detail to complement the Landsat data. 

Consequently, this improves classification accuracy because Planet Labs data 

offers high spatial resolution combined with high temporal resolution. Another option to 

overcome Landsat and Planet Labs imagery limitations is by using Unmanned Aerial 

Vehicle (UAV) color (RGB) imagery, which monitors and maps vegetation as well as 

determines fractional vegetation cover at multiple scales. UAV imagery also provides 

high-resolution data to detect gradual changes in vegetation at low cost and without 

restrictions on acquisition time and temporal resolution. 

The remote sensing (RS) data allows extracting information on vegetation 

dynamics using high spatial resolution, which provides us reliable and comparable 

longitudinal data (Xue and Su, 2017). 

Vegetation indices (VIs), which provide proxies for vegetation biophysical 

characteristics from digital remote sensor data, represent an effective way of evaluating 

vegetation cover quantitatively and qualitatively. In addition to VIs, Fractional 

Vegetation Cover (FVC) is used to measure vegetation cover. Fractional vegetation cover 

(FVC) is a ratio of the vertical projection area of vegetation on the ground that includes 

branches, leaves, and stalks to the total vegetation area (Liang et al., 2012). FVC is an 

important biophysical parameter that uses the soil-vegetation-atmosphere transfer model 

to simulate the exchange between the land surface and the atmospheric boundary level 
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(Chen et al., 2016). FVC has been used in forestry, agriculture, land use, hydrology, 

disaster risk monitoring, drought monitoring, and resource and environmental 

management. FVC remote sensing retrieval employs two model methods, empirical and 

physical. The empirical model calculates the FVC to establish an empirical relationship 

between the NDVI and the FVC using a regression relationship or a simple statistical 

model; then, the FVC is calculated from the NDVI. The physical model is more complex, 

for it involves reflectance, transmittance, and absorption as well as other elements to 

calculate the FVC (Liang et al., 2012). 

In the past, most of the studies related to monitoring vegetation used medium 

resolution remote sensors, e.g., Landsat and MODIS, however, these platforms have 

spatial (30m for Landsat and 250m for MODIS) and temporal resolutions (16 days and 1-

2 days) that might not provide all the required detail that might be needed for large scale 

studies that require detailed LULC or vegetational functional (e.g. trees, shrubs, grass 

cover) information. Newer satellites such as Worldview overcome the limitation related 

to spatial resolution(60cm) but lack temporal coverage. Furthermore, the imagery from 

this platform is expensive and sometimes is restricted by its available extent. 

To solve problems presented before, Planet Scope and UAV platforms represent 

an alternative to having imagery with high spatial and temporal resolution. In this 

research, a combination of Planet and UAV imagery to compute NDVI and FVC for 

green grass during the wet and dry seasons was used.   

This research is organized as follows: Chapter I includes the statement of the 

problem and rationale that underscores the need for assessing the water and soil 

conservation structures’ effects on remotely sensed vegetation during the 2017-2019 wet 
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and dry seasons using a buffer analysis approach. Chapter II provides a review of 

hydrologic connectivity (HC), the remote sensing process applied to obtain LULCC to 

derive percent change and landscape metrics as change indicators. It also provides a 

review of RS technology for vegetation monitoring using indicators like Normalized 

Difference Vegetation Index (NDVI) and Fractional Vegetation Cover. Chapter III 

illustrates the methodology used to acquire and process PlanetScope (PS) and UAV 

imagery as well as the process used to produce the land cover classification maps for both 

wet and dry season. It describes the grouping of soil and water conservation structures 

(SWCS) according to the position in the landscape (floodplain or upland) and includes a 

description of landscape metrics and NDVI and FVC values for floodplain and upland 

SWCS. The statistical analysis for NDVI and FVC, as well as the landscape metrics, are 

exhibited and assessed in Chapter IV. Chapter V summarizes my findings and includes 

along with the study limitations some problems I encountered and resolved and future 

research opportunities. 
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A. Rationale 
To describe the effects of the soil and water conservation structures (SWCS), it is 

necessary to define the following: the type of structure present in the BANWR and its 

function, the hydrologic connectivity (HC) and its components, factors that affect HC, 

and the relationship between vegetation patterns and the HC process in semi-arid lands. 

All these elements will allow us to describe the effects of the SWCS on vegetation. 

According to Nichols et al. (2017), the structure types present in the BANWR are 

earthen stock ponds, long earthen berms, concrete spillways, water spread berms, control 

gates, and rock in wire gabion dams. Each structure has a different function; for instance, 

earthen stock ponds store water temporarily and decrease the downstream sediment 

yields. Long earthen berms limit further gully advance. Concrete spillways route excess 

runoff without causing erosion. Water spread berms intercept surface runoff water and 

store it temporarily via soil infiltration. Control gates manage runoff distribution. Rock in 

wire gabion mitigates channel erosion by inducing channel deposition and regrading 

incising channels. 

Lexartza-Artza & Wainwright (2009) defined hydrologic connectivity as the 

water and sediments transported from one landscape place to another that involves 

physical movement of matter. Hydrologic connectivity components are structural and 

functional. Structural elements include topography and vegetation patterns that are static 

during the period of study. Conversely, functional components are related to runoff, soil 

moisture, infiltration, soil type, slope, and rainfall. For instance, rainfall amount, 

intensity, and duration could cause overland flow and interactions that create flow path 
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lengths. Functional components probably have a more important role than structural; 

however, they are challenging to measure due to dynamics and temporality. 

Some factors affecting the hydrologic connectivity include topography, land 

management, and slope gradients. Topography will affect the drainage density that is 

related to the distribution of slope length. Land management could affect slope length 

through terraces, check dams, roads, and irrigation channels. These artificial breaks could 

cause a disconnect between the catchment area upslope and the lower slope. Slope 

gradients are also affected by land management, such as check dam construction that 

modifies valley floor slope. Therefore, the hydrological dynamic may be affected by 

these types of land management practices. In the semi-arid hydrological systems of the 

American Southwest, the spatial configuration of runoff sources and sinks will determine 

the strength of hydrological connectivity. The vegetation presence and soil type strongly 

determine infiltration rates. Infiltration rates are higher in areas covered by vegetation 

than in bare soil (Reaney et al., 2013). 

The intact soil and water conservation structures modify the HC through runoff 

control. For example, in perfect conditions, earthen stock ponds and water spread berms 

allow water storage that facilitates the infiltration, increases the soil moisture and 

enhances vegetation conditions in the area where the SWCS are present. However, when 

some of these SWCS are flanked or breached, this causes redirection of runoff, channel 

incision, and lateral head cutting (Nichols et al., 2017). These effects cause changes in 

HC, affecting processes such as erosion, sedimentation, and sediment transport. All these 

disturb the land surface and vegetation. Long earth berms, concrete spillways, control 

gates, and rock in wire gabions are designed to limit further gully advance, route excess 
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and distribute runoff, and mitigate erosion (Nichols et al., 2017). However, when these 

SWCS fail due to lack of maintenance or bad engineering design, then the negative 

effects are likely exacerbated. These adverse effects comprise increasing localized 

erosion, head cut advance, and gullying affecting soil, water, and habitat resources 

(Nichols et al., 2017). Better vegetation conditions will be expected in areas with intact 

structures due to these areas having higher soil moisture. On the other hand, in locations 

with failed soil and water structures, it will be assumed that vegetation will be scarce with 

a high amount of bare ground. 

B. Research purpose 

1. Objective(s) 
The primary objective of this research is as follows: 

• To assess the water and soil conservation structures’ effects on vegetation cover 

for wet and dry seasons in the BANWR using high-resolution PlanetScope and 

UAV imagery. 

This objective comprises the following specific tasks: 

• To create the Land Cover Maps (2017 through 2019) for May and August using 

PlanetScope multispectral imagery and the Classification and Regression Trees 

(CART) algorithm. 

• To calculate Landscape metrics (class-level and landscape-level) using the Land 

Cover Maps for the BANWR and the structures’ areas. 

• To classify the water and soil conservation structures visually according to their 

location in the BANWR structures both in flood plains and uplands using a 
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Digital Elevation Model derived from Light Detection and Ranging (LiDAR) data 

and Google Earth imagery. 

• To determine the buffer size to assess the structures’ impacts on vegetation using 

NDVI as an indicator by comparing the correlation between the NDVI values for 

buffer sizes of 30, 60, 90, 120, 500, and 1000 m. 

• To compute NDVI values for buffers around the structures located in the 

floodplains and uplands for both wet and dry seasons. 

• To acquire, process, and classify fine resolution UAV imagery to derive green 

grass fraction cover for the wet and dry seasons from 2017 to 2019 for the 

structures in the floodplains and uplands. 

• To compare and contrast NDVI values between structures in the floodplains and 

uplands according to structural type and conditions for the wet and dry seasons. 

• To contrast, fractional vegetation cover values between structures in the 

floodplains and uplands. 

• Analyze the differences in NDVI and fraction of green grass cover values 

between structures in the floodplain and structures in the upland. 

The following research questions are addressed: 

(1) How do has the location, extent, and trend of the different land cover types (shrubs, 

grass, bare soil) vary interannually and seasonally across the BANWR during 2017-

2019? 

(2) What are the proportions of change for each land cover type? 

(3) How has the landscape composition and configuration changed using class-level 

landscape metrics (mean patch area, coefficient of the variation core area, core area 
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percentage of landscape, and coefficient of variation patch area) and landscape-level 

parameters (contagion, number of patches, Shannon’s Diversity Index, and Splitting 

Index)? Is it adequate to use the same buffer size for the different structures to assess the 

vegetation cover composition? Is it the same as the fragmentation level at the BANWR 

and the SWCS’s? 

(4) Are the structures’ buffers located in the flood plains showing higher NDVI values 

than buffers in the uplands? 

(5) Are each structure’s type and position related to patterns of improvement in the 

vegetation conditions? 

(6) Are the structures’ buffers located in the flood plains showing higher fractional green 

grass cover than the structure’s buffers in the uplands? 

2. Hypothesis 
The study includes the following research hypotheses: 

• Landscape metrics like mean patch area, the core area percentage of landscape, 

and the number of patches based on land cover types contribute to identifying the 

fragmentation in the entire BANWR area as well as in the SWCS areas. 

• NDVI and fractional vegetation cover values are higher among floodplain 

structures than among upland SWCS. 

• NDVI and fraction cover are higher in the water spreaders than in and around the 

dams, dikes, and other structures. 

• NDVI and fractional green/live vegetation cover values are higher in the wet 

season than in the dry season. 
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II. LITERATURE REVIEW 
A literature review of the impact of soil and water conservation structures 

(SWCS) on the land cover will be described in several sections including hydrologic 

connectivity (HC), Land Use/Land Cover Change (LULCC), and vegetation monitoring 

variables with remote sensing approaches. The hydrologic connectivity section includes 

some basic definitions on HC, as well as conducted studies conducted that evaluate the 

SWCS impacts on the HC and vegetation conditions. The remote sensing of LULCC 

section assesses the extents, intensities, and current rates of changes to monitor ecological 

processes via percent land cover change computations and land cover maps. This 

approach includes landscape ecology concepts to quantify spatial patterns through 

landscape metrics and the spatial resolution effect on these metrics. The remote sensed 

monitoring of vegetation section comprises an analysis related to the satellite(s) used, as 

well as the research that uses vegetation indices (i.e., NDVI) and fractional vegetation 

cover to monitor seasonal and inter-annual changes in vegetation growth and activity. 

The last section contains studies conducted using fine resolution imagery derived from a 

UAV to calculate FVC for different ecological systems. 

A. Hydrological Connectivity 
  Hydrologic connectivity is essential in arid and semiarid lands because water is 

scarce in these regions, and the economic activities are determined by water availability 

(Ochoa et al., 2013). Many researchers have used the concept of hydrologic connectivity. 

For example, Pringle (2003) defines HC as the connection at different scales (global, 

regional, and local) that allow transferring matter, energy, organisms, or elements of the 

hydrological cycle. Other authors define HC as the water transportation from one landscape 
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to another, implying matter physical movement (Lexartza-Artza & Wainwright, 2009). A 

framework to define HC was proposed by Bracken & Croke (2007), considering five 

aspects: climate, hillslope runoff potential, landscape position, delivery pathway, and 

lateral buffering. 

Researchers have studied the hydrologic connectivity in drylands. For instance, 

Puttock et al. (2013), measured the hydrologic connectivity using Mean Flow Path 

Length (MFPL), vegetation cover, and Digital Elevation Models (DEM) maps to relate 

these variables to each other to determine the relationship between them. They found that 

high MFPL is related to high hydrological connectivity. MFPL values that were higher in 

woody sites than in grassland sites and thus changes in vegetation structure result in a 

significant change in hydrological connectivity. A study conducted by Ochoa et al. 

(2013) determined the hydrologic connectivity of headwater and flood plain in the 

Espanola watershed in New Mexico. They found that there is robust connectivity 

between surface and groundwater in the valley following a pattern related to the irrigation 

period that increases the shallow surface water. Ochoa et al. (2013) also discovered a 

strong linkage between the rainfall and the groundwater level in the wells when the 

rainfall is a product of a convective storm or frontal storms that exceeded infiltration 

capacity. Lopez-Vicente et al. (2016), studied the HC in Spain on an area with terraces, 

trails, roads, and drainage systems. They discovered that the highest connectivity values 

in the roads and trails followed by stones and terraces. The results also revealed that 

spatial connectivity patterns changed through time.  

Reaney et al. (2013) used the Connectivity of Runoff Model (CRUM-2D) to 

assess the effects of slope length, gradient, flow path convergence, infiltration rates, and 
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vegetation patterns on the generation and connectivity of runoff. They revealed that 

slopes with shorter lengths generated more runoff than slopes with extensive lengths. 

Thus, as the slope gradient increases the steepness of the rising limb, the peak, and total 

discharge increase. The authors mentioned that discharge is highly sensitive to the 

vegetation cover at the slope base. A study conducted by Norman et al. (2017) studied the 

gabions effects on vegetation greenness at La Cienega National Wildlife Refuge. They 

found that NDVI is associated with an increase in green-up for the sites where the 

gabions were installed. The trend remains even with a decrease in the average annual 

precipitation after gabion construction. They used NDVI values before and after the 

gabion installation to determine the long-term effect on the restoration efforts. Research 

showed the relationship between the structures and vegetation conditions 

Soil and water conservation structures are important because, according to their 

condition, type, and position in the terrain, they will modify HC through runoff. 

Therefore, the SWCS may have positive effects by increasing water retention, sediments, 

and nutrients. These, along with other factors like vegetation species, soil conditions, and 

topography, will influence the infiltration capacity. However, there are some adverse 

effects such as channel incision, head cutting, and an increase in erosion in areas with 

flanked or breached SWCS.  

  This study will investigate the HC in the BANWR, specifically, the runoff 

connectivity. The NDVI and Fractional Vegetation Cover will be used as indicators that 

may contribute to explain the effects of soil and water conservation structures (water 

spreaders berms, water control structures, stocks tanks, and dams) on vegetation. We will 

assess the impact of SWCS on water availability and, consequently, on the vegetation 
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condition. Aspects considered included the SWCS’s condition and position in the terrain 

and their relationship with vegetation response/condition using NDVI and fraction green 

grass cover as vegetation condition indicators.  

B. Remote Sensing to assess Land Cover Changes 
Remote sensing (RS) data have been one of the primary sources for examing 

spatial and temporal changes in land cover. Land Cover changes in ecosystems and 

environmental processes at different scales (local, regional, and global) can be 

determined using the remotely sensed land use and land cover changes (LULCC) 

processing techniques enabling identification of the extents, intensities, and current rates 

of these changes. The satellite multispectral sensor offers the possibility to determine 

digital change detection through the opportunity to repeat procedures, quantifying 

temporal variations using multi-date imagery and integrating characteristics that are not 

included in the visible spectrum (Coppin, 2004). Detection of Land Use / Land Cover 

(LU/LC) was one of the first applications of Remote Sensing (RS). A detailed portrayal 

of changes, state, and structure of vegetation can be accomplish using multi-sensor RS 

data. However, because the vegetation is a heterogeneous target with a certain degree of 

spatial and temporal variation, the adequate temporal, spatial, and spectral resolutions of 

the imagery are required to derive LULC maps with sufficient detail. These resolutions 

will determine vegetation monitoring and the success of a specific RS application on 

vegetation. The spatial resolution is one of the most influential properties of RS data to 

monitor and assess vegetation targets conditions. Besides, vegetation studies must 

consider the temporal resolution features such as image time acquisition, and anniversary 

dates to take into account phenology and avoid unwanted disturbances in the imagery 
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used and maintain data consistency (Wulder et al., 2009).  Land Use / Land Cover 

Change (LULCC) is a growing science-primarily due to the easy access and relatively 

low cost of satellite imagery and advances in computer technology. These factors allow 

quantifying temporal variations using multi-date imagery and integrating 

multispectral/sensor data.  

Monitoring the relationships between ecological processes is a crucial component 

of protecting and preserving natural areas. Monitoring is essential because it allows us to 

identify the interactions and the scale at which they occur. The importance of RS data in 

the natural resources monitoring program has increased in recent years because it 

contributes to assessing management effectiveness providing to the resources manager a 

useful tool to make better decisions without disturbing the landscape. (Pettorelli, 2019; 

Sergeant et al., 2012; Willis, 2015; Miller et al., 2011). A background in change detection 

techniques can boost RS used for monitoring natural resources (Willis, 2015). LULCC or 

disturbance can be detected using change detection methods. Townsend et al. (2009) 

stated that Land Cover Change and Landscape Fragmentation affect National Parks’ biota 

management.  

Land Cover Change (LCC) can be assessed using remote sensing. However, it is 

necessary to consider the resolution, sensor type, extent, and metrics used to determine 

ecological change\accurately and provide LCC products useful to the different 

stakeholders related to resource management. Vegetation spatial heterogeneity at 

different scales can be explained by the field of Landscape Ecology, which describes the 

relationship between ecological processes and spatial patterns. (Turner, 2005). We will 

define spatial heterogeneity using the concept in terms of the relationship between the 
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values of one variable, i.e., the number of patches observed at different locations, which 

is a spatial dependence. In a strong dependence case, these values can be used to make 

predictions of the same variable in other areas (Adler et al., 2001). Landscape ecology 

uses geographical information systems (GIS), remote sensing, and computational tools to 

quantify the spatial heterogeneity enabling landscape ecological studies to determine the 

relationship between ecological processes and spatial patterns. (Turner, 1990; Turner, 

2005; Gkyer, 2013). 

Landscape ecology use metrics to quantify the relationship between spatial pattern 

and ecological processes. O’Neill et al. (1988) developed three indices of landscape 

patterns based on fractal geometry and information theory. Since then, several metrics 

have been developed to capture spatial heterogeneity using size, shape, and distance to 

the nearest neighborhood, distribution related to a configuration. (Farina 2000; Ahern 

1999). Landscape metrics have been used to quantify the SWCS’ landscape and the 

complexity. Some of the computer programs to calculate landscape metrics include 

Fragstats (Mc Garical & Marks 1995), Patch Analyst (Rempel et al., 2012), and 

landscape metrics (Hesselbarth et al., 2019a). There are three landscape metrics 

categories (Mc Garical & Marks, 1995; Farina 2000), each level provides information 

related to diverse aspects of the landscape (Hesselbarth et al., 2019b) 

• Patch level: To compute the patch-level metrics use the neighboring cells that 

belong to the same class considering the Queen’s case (8-neighbors rule) 

• Class level: To calculate the parameters, summarize all the patches in each class. 

• Landscape-level: To quantify the metric, summarize the entire landscape into just 

one value. 
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According to research, landscape metrics such as the Number of Patches (NP), 

Large Patch Index (LPI), and Simpson’s Diversity Index (SIDI) are necessary to describe 

landscape characteristics for many landscapes. Conversely, other metrics could be 

selected to represent a specific landscape (Townsend et al., 2009). The selection of 

landscape metrics is essential because pattern metrics are correlated with each other 

(Riitters et al., 1995); consequently, the parameters selected must be uncorrelated to 

avoid Type II errors. 

Landscape pattern metrics have been used extensively in Landscape Ecology to 

quantify spatial patterns of land cover and relate them to ecological processes (McGarigal 

& Marks, 1995). Many researchers have computed landscape metrics from land cover 

maps obtained using remotely sensed images such as Ikonos, Satellite for observation of 

Earth (SPOT), Landsat, and Copernicus Land Monitoring Service (CORINE). All the 

studies reviewed used Fragstat to compute the landscape metrics. The most common 

parameters used were the number of patches, edge density, patch density and largest 

patch index as we can observe in Table 1 (Townsend et al., 2009; Kumar et al., 2018; 

Sertel et al., 2018; Kubacka, 2018; Liu et al., 2012). 

Landscape metrics have been used for different applications; for example, the 

assessment of land use-land cover change. Most of the landscape metrics are scale-

dependent. The scale issue is related to the minimum mapping unit (MMU) as well as the 

extent of the study area.  Some studies examine the relationship between the scale and the 

landscape metrics behavior. They found that increasing the extent causes a function 

increase in the Number of Patches, a function decrease in the contagion (CONTAG), and 

low or no sensitivity to the Shannon Diversity Index (SHDI). The scaling relations of the 
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landscape metrics change with an increase in the grain size or minimum mapping unit 

causing a decrease in the NP, erratic behavior in the CONTAG, and a decrease in the 

SHDI. (Šímová & Gdulová, 2012). 
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Table 1. Landscape metrics used in different studies to monitor vegetation. 

Metric Townsend 
(2009) 

Kumar 
(2018) 

Sertel 
(2018) 

Kubacka 
(2018) 

Liu 
(2012) 

Number of Patches X X X X X 

Percent of the Landscape X   
  

Edge Density X  X X  
Area-Weighted Average  X   

  
Critical Dispersal Threshold 
Distance X   

  
Patch Density  X  X  
Largest Patch Index  X X  X 

Splitting Index   X   
Euclidean Nearest Neighbor 
Distance 

  X 
 X 

Aggregation Index   X   
Simpson Diversity Index    X  
Percentage of Landscape    X  

 

In our research study, land-cover classes (shrubs/trees, grass/desert vegetation, 

and bare soil) were used to compute class and landscape level metrics. Class-level 

parameters calculated comprised the Mean of Patch Area (AREA_MN), Coefficient of 

Variation Core Area Index (CAI_CV), Core Area Percentage of Landscape (CPLAND), 

and Coefficient of Variation Patch Area (AREA_CV). Landscape-level metrics computed 

included Contagion, Number of Patches (NP), Shannon's Diversity Index (SHDI), and 

Splitting index (SPLIT). 

Landscape statistics identify changes in distribution and amount in the landscape, 

and pattern metrics identify potential pressure on areas. However, the landscape metrics 

are dependent on the spatial resolution and the land cover classes. McGarigal & Cushman 

(2002) state that the extent and grain size define the spatial scale of ecological data. The 
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extent refers to the area within the landscape boundary, while the grain is the individual 

units of observation size.  

In the past studies, it was found that the input data and analysis scale must be 

consistent with calculating and interpreting landscape metrics adequately. These two 

scales are related to the spatial resolution (pixel size) and the extent of the study area. The 

landscape ecology studies have stressed the importance of the spatial resolution, extent, 

and thematic resolution (number of classes in a thematic map) of the landscapes in the 

landscape metrics responses (Šímová & Gdulová, 2012). Research must address the two 

fundamental questions of how a spatial process would change with the scale and what is 

the most appropriate scale for a specific study of interest. There have been numerous 

studies that have explored the landscape metrics behavior with a change in scale (Xu et 

al., 2019) 

Imagery with smaller grain or pixel size characterizes landscape variability more 

effectively. The land cover classes determine complexity in the landscape; there is an 

association between a high number of land cover classes and higher variability in the 

landscape. In contrast, a small number of land cover classes generalize the landscape 

contributing to better class separation. There is a trade-off between spatial resolution and 

consistency in sample frequency. In my research, I used Planet Scope cubesats to 

overcome some of the trade-off mentioned. 

Furthermore, extent and grain are determined by the imagery scale (i.e., Landsat, 

UAV orthomosaics). However, it is more important to define scale in terms of the 

phenomena under consideration (Mc Garical et al., 2012). In this case, the soil and water 

conservation structures; for this reason, higher spatial resolution imagery such as 
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PlanetScope were used to compute the landscape metrics and percent changes in the land 

cover classes.  

C. Remote sensing for monitoring vegetation. 
Remotely sensed data allow us to monitor, assess, and characterize rangeland 

using unique spatial, spectral, and temporal resolutions to detect landscape changes over 

time. Most of the vegetation studies are based on coarse resolution satellite data from the 

Moderate Resolution Imaging Spectrometer (MODIS, ≥ 250m) or Advanced Very-High 

Resolution Radiometer (AVHRR, 1.09 km), and medium resolution satellites such as 

Landsat (30m), Sentinel 2 (20 m), and Satellite for observation of Earth(SPOT, 6m). Due 

to the coarse spatial resolution and the lack of pure pixels as well as the landscape 

heterogeneity, coarse resolution imagery generally cannot detect gradual vegetation 

changes in space but are often used for monitoring change over time. While coarse 

resolution remote sensing technology cannot directly identify plant species, it uses 

vegetation indices (VIs) like NDVI to determine percent ground cover at coarse and 

moderate resolutions (i.e., 30m Landsat imagery). Assessing vast landscapes using 

percent ground cover over long periods could contribute to differentiating changes caused 

by management or from those changes due to soils, climatic variability, or 

geomorphology (Pickup et al., 1994). The medium resolution satellites offer a higher 

resolution that reveals more about the changes in the rangelands; however, this resolution 

is not enough to detect green grass fractional cover in heterogeneous multi-functional 

species landscapes. 

There are other high-spatial-resolution satellites such as Quickbird, Worldview, 

and IKONOS, but they are limited in extent and temporal resolution. However, since 
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2011, Planet Labs Inc. launched small satellites that are collecting imagery with fine 

spatial (3m) and temporal (daily) resolution covering the entire mass of the Earth. 

Processed RS data can deliver reliable information using vegetation indices, 

which provides proxies for vegetation biophysical characteristics. Rouse (1973) studied 

the relationship between spectral reflectance values and vegetation cover to derive a 

vegetation index (VI) that has become to be known as the Normalized Difference 

Vegetation Index (NDVI). VIs combines mathematical equations using different spectral 

bands to obtain a quantitative measurement to improve vegetation identification in the 

scene while minimizing solar radiation and soil influences (Bannari et al., 1995).  

The importance of NDVI as a VI is because it can monitor seasonal and 

interannual changes in vegetation growth and activity, reduce the multiplicative noise 

factors, and has a high correlation with vegetation leaf area index (LAI), but can be 

susceptible to canopy backgrounds variations(Jensen, 2015). The Normalized Difference 

Vegetation Index (NDVI) has been used to determine changes in vegetation (Li & Guo, 

2012), to assess the response at different elevations during wet and dry seasons 

(Hermman et al., 2016), and to analyze riparian vegetation distribution (Mendez-Estrella 

et al., 2016). Potter (2016) stated that NDVI derived from Landsat time-series imagery is 

useful to determine the change in Land-cover because there is imagery available, and it is 

relatively easy to acquire and process it. However, there are some limitations, such as 

cloud cover, low temporal resolution, and technical restrictions related to spatial 

resolution, which is 30m. One of the limitations in large areas is obtaining representative 

data to reliability classify land cover with enough spatial resolution. 
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 One alternative to address this problem is to use high-resolution imagery such as 

PlanetScope (planet.com) multispectral reflectance data. It can offer a higher level of 

detail (3m) to complement the Landsat data and improve the classification accuracy 

because PlanetScope (PS) offers high spatial resolution combined with high temporal 

resolution. 

The integrated multi-platform approach offers an alternative to improve land 

cover mapping and to obtain NDVI values to describe SWCS’ effects on vegetation 

changes in desert grasslands. These ecosystems present scarce rainfall with patchy 

vegetation and a long dry season and the short-wet season following the monsoon 

patterns. Therefore, to characterize vegetation patterns spatially and temporally, a high 

spatial and temporal resolution is required. 

 Early studies include estimation of vegetation cover using spectral indices from 

Landsat MSS (Gillam, 2019). Recent studies have used the integrated multi-platform 

approach; for example, Moody et al. (2016) used fused imagery from PS and Landsat 8 to 

enhance land cover classification results. Classification performance was validated using 

USDA’s Cropland Data Layer Images (United States Department of Agriculture, 2020). 

They used decision trees and a random forest algorithm for classification and found that 

using high-resolution imagery (PlanetScope) can improve the Landsat 8 data. 

Researchers have integrated a multiplatform approach to identify vegetation changes to 

address spatial and temporal resolution problems. A study directed by Collins et al. 

(2015) developed a multiplatform approach using NAIP with Landsat 5 Thematic 

Mapper (TM) to assess brush management conservation efforts in Southeastern Arizona 

from 2002 to 2011. They developed an equation to establish the relationship between TM 
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Modified Soil-adjusted Vegetation Index (MSAVI) and National Agricultural Image 

Program (NAIP) Woody Cover. The integrated multi-platform approach offers an 

alternative to improve land cover mapping and to obtain landscape metrics to describe 

vegetation changes in desert grasslands accurately. Hartfield & Van Leeuwen (2018), 

estimated woody cover in Oklahoma and Texas counties, using NAIP and Landsat 

images combined with a classification and regression tree (CART) algorithm to classify 

woody cover. The results obtained were compared to the results with Landsat Vegetation 

Continuous Fields (VCF) and Web-Enabled Landsat Data (WELD) products. They found 

that the methodology used showed better results to calculate woody cover than the VCF 

and WELD products.  

In this research, we will use a multi-platform approach using Planet Scope 

Analytic Satellite imagery and UAV imagery to increase classification detail and 

accurately and compute NDVI at fine scales.  

D. Fractional Vegetation Cover  
The dynamics of vegetation cover that is increasing or decreasing can be 

monitored using Fractional Vegetation Cover (FVC). Vegetation Indices (VIs) are 

regularly used to examine vegetation change. These VIs are sensitive to FVC which 

represents the fraction of the land surface covered by green foliage 

The most common FVC-estimation approach based on remote sensing is the VI-

based mixture model that is based on the linear relationship between VI and FVC (Mu et 

al., 2018). This model identifies NDVI values without foliage cover that usually is bare 

soil and complete foliage cover, and the FVC is yielded by rescaling NDVI linearly 
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between the two thresholds (Carlson & Ripley, 1997; Gutman & Ignatov, 1998; Kogan, 

1990). 

Mapping FVC in the dryland is difficult because the satellite imagery has mixed 

pixels at a coarse scale, and the vegetation distribution is scarce. However, UAV based 

remote sensing provides an excellent tool to capture and measure the dryland areas and 

contribute to conducting spatial ecology and environmental monitoring studies because 

UAV offers the option to obtain large amounts of fine resolution observation data at 

relatively small extents. Ultra-high spatial resolution images such as UAV digital color 

images are increasingly applied in vegetation analysis due to the advantages of high 

resolution, high frequency, and easy operation (Skorobogatov et al., 2019). 

  UAV can be used as a remote sensing input since its advantages include acquiring 

high-resolution images, cost-effectively, at flexible flying altitudes (<400ft) at suitable 

times (Bryson & Sukkarieh, 2011). UAV remote sensing has been used in several studies 

to compute FVC. The following is a review of UAV images applied in FVC; these 

studies combined UAV data with a different data type to compute FVC. For example, 

Riihimaki et al. (2019) estimated tundra vegetation fractional cover using UAV-derived 

RGB-orthomosaics with a binary classification (present or absent). They used different 

imagery, including Planet CubeSat, Sentinel-2A, and Landsat 8 OLI, to compute the 

fractional vegetation cover. The authors utilized several vegetation indices to examine 

which one explains better fraction cover. UAVs can work with either a visible band 

camera or a multispectral band camera, or both (Torres-Sánchez et al., 2013). Some 

studies found solutions for vegetation classification with only RGB bands (Torres-

Sánchez et al., 2015; Laliberte & Rango, 2009; Laliberte et al., 2010).  
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The study conducted by Wang et al. (2019) utilized the Classification and Regression 

Tree (CART) algorithm to classify woody and herbaceous vegetation. They also 

computed the FVC based on high-resolution orthomosaics derived from UAV imagery. 

Results showed accuracies of 0.78 and 0.76, as well as agreed estimations between FVC 

calculated with UAV and ground measurements. The study conducted by Chen et al. 

(2016) estimated FVC for alpine grassland in China using UAV aerial images and ground 

quadrat data. They found that the accuracy of FVC was higher using UAV than 

conventional ground-based surveys. Zhou et al. (2018) proposed methodologies to 

improve FVC measurement. They used SPOT6 satellite imagery and UAV data to 

estimate the FVC of invasive species in China. The accuracy analysis showed that 

coefficients of determination were 0.905, and 0.898 suggests that the methodology 

proposed is practical and feasible. A color unmixing was another methodology developed 

by Yan et al. (2019) that estimated FVC images captured with a UAV-based RGB 

camera. They estimated FVC using CMA comprising image normalization and color 

space conversion, endmember determination from UAV proximal sensing images, and 

color unmixing for UAV- captured close-range sensing images. 

The spatial extent and limited spectral resolution are some of the challenges of 

applying UAV images in remote sensing to monitoring vegetation. Even though UAV 

often carries an off-the-shelf digital camera which provides high spatial resolution images 

only in the visible spectrum. Due to the limited spatial extent for UAVs; therefore, this 

research used UAV imagery to develop a relationship between FVC and PS multispectral 

data that offers a near-infrared band in addition to the visible spectrum and a higher 

spatial and temporal resolution than Landsat 8 OLI. 
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In this research, we will use a multi-platform approach using PlanetScope 

Analytic Satellite imagery and UAV imagery to increase classification detail and 

compute NDVI and FVC more accurately. 

III. METHODOLOGY 

A. Study Area 
The Buenos Aires National Wildlife Refuge (BANWR), which comprises an area 

of 47,535 hectares, is located in the Altar Valley, 96 kilometers southwest of Tucson, 

Arizona (Figure 1). The average annual precipitation in the valley varies from 254 to 609 

mm, depending on elevation and is concentrated in the monsoon season during July, 

August, and September.  The mean monthly maximum and minimum temperatures occur 

in July with 35° C, and December and January with 2° C. The elevation range in the 

BANWR is from 950-1150m. 

A visual analysis using a DEM derived from LiDAR data, hillshade, and Google 

Earth Pro was conducted to group the SWCS on the BANWR. Figure 1 shows their 

location in either upland (170 SWCS) or flood plain (186 SWCS). The classification was 

stored in the attribute table in ArcGIS Pro 2.4.2 (ESRI 2019). Next, the attribute table 

was separated into individual tables for each class to create flat buffers from 30, 60, 90, 

120, 500, and 1000 meters for each SWCS. These buffers were utilized to assess the 

NDVI differences between upland and flood plain SWCS during May and August 2017 

and 2018, and June and September 2019. An R script was written in RStudio 1.2.5001 

(RStudio Inc., 2019) to extract the NDVI values for upstream and downstream in both 

flood plain and upland SWCS. The elements used in the scripts were the buffer shapefiles 
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and the NDVI raster. The buffer shapefiles for 30, 60, 90, 120, 500, and 1000m created in 

ArcGIS Pro were employed to extract NDVI values from the NDVI raster derived from 

PS Imagery. The NDVI values obtained were computed using the mean function and 

saved into .csv files to perform statistical analysis. 

Table 2. Number of Soil and Water Conservation Structures on the BANWR per Type 
and Condition 

Type Condition Number 

Dam Breach 10 

Dam Flank 3 

Dam Intact 102 

Dike Breach 11 

Dike Flank 2 

Dike Intact 5 

Structure Breach 6 

Structure Flank 4 

Structure Intact 24 

Water Spreaders Breach 38 

Water Spreaders Flank 25 

Water Spreaders Intact 126 

Table 2 shows that there are 115 dams (102 intact and 13 failed), 18 dikes (5 

intact and 13 failed), 34 structures (24 intact and 10 flank or breach), and 189 water 

spreaders (126 entire and 63 failed) on the BANWR. 

The BANWR was established in 1985, “for the conservation of habitat necessary 

to begin the recovery process for the endangered masked bobwhite (quail),” (BANWR, 

1986) that was on the endangered species list. Since its establishment, the BANWR 

managers decided to exclude grazing and promote bird watching. The vegetation of the 

BANWR is mainly desert grassland with variations in structure and composition in the 
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relative importance of grasses, succulents, and woody plants, depending on soils, 

topography, and management. BANWR is the habitat for 58 mammal species, 325 

different birds, and 53 species of reptiles and amphibians. When the BANWR was 

established, the Aguirre Lake appears to have been the original site for public use 

because 112 bird species were registered in the area. The lake continued to fill from 

heavy rains in the early years of the refuge. However, over the years, Aguirre Lake 

ceased to exist because the increased amount of vegetation resulting from lack of grazing, 

decreased the runoff in the necessary quantities to fill the pond. This illustrates that 

hydrologic connectivity affects different elements in the landscape. 

The BANWR is divided into three management units: Central unit, Brown 

Canyon unit, and Arivaca unit. The central unit includes 44,515 of the 47,535 hectares, 

and the vegetation is made up of Sonoran semi-desert grassland. Brown Canyon unit 

includes grass, oaks, and mazanita. Arivaca unit contains typical wetlands, including 

cottonwoods (Populus fremontii), cattails (Typha sp.), willows (Salix sp), and rushes 

(Scirpus sp.)  as well as different forbs and grasses. Most of the management efforts have 

been concentrated in the central unit on the floodplains of the Refuge’s major channel 

system. This area comprises grasslands, including Johnson grass (Sorghum halepense), 

sacaton (Sporobolus airoides), and Lehmann lovegrass (Eragrostis lehmanniana).  

Numerous natural and social processes have caused significant ecological changes 

in the Altar Valley. These processes include grazing, rainfall, drought, range 

management, improvements, erosion, and market conditions. The more significant 

changes occurred when more than one of these processes interacted with another, for 

example, overgrazing and drought in the 1890s, 1920s, and 1950s (Sayre, 2002). 
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Figure 1. Buenos Aires National Wildlife Refuge (BANWR) study area and location in the state of Arizona. Most of the 
SWCS classified as flood plain are located across the channel while the upland SWCS are found at higher elevations. 
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B. Data and Information Sources, and Products 

1. Multi-platform data input and vegetation cover product development 
A Land Use Land Cover change analysis was conducted in the Buenos Aires 

National Wildlife Refuge (BANWR), Arizona, for 2017, 2018, and 2019 during wet and 

dry seasons. The LULCC used PlanetScope Analytic Satellite imagery whose sensor type 

includes four spectral bands Blue 455-515 nm, Green 500-590 nm, Red 590-670 nm, and 

NIR 780-860 nm, the spatial resolution is 3.0 m approximately, and the radiometric 

resolution is 16 bit. The radiometric and geometric correction has been applied to these 

imageries. The PlanetScope imagery was obtained from Planet Application Program 

Interface as an analysis-ready level 3B Surface Reflectance product. A mosaic from the 

PS Imagery was created using ArcGIS Pro Version 2.4.2 from Environmental Systems 

Research Institute (ESRI) to calculate the NDVI and create land cover maps (Figure 2).  



 

56 

 

Figure 2. Flow chart showing the remote sensing processing steps to create Land Cover 
maps based on PlanetScope and UAV data. Planet Scope imagery dates were chosen 
close to the UAV flight dates to have the same landscape composition. Classification 
and Regression Trees supervised classification and accuracy assessments were applied 
to both UAV visible imagery and PS multispectral reflectance data. Landscape metrics 
were derived from the PS based land cover maps. 
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Table 3. PlanetScope, UAV, and Lidar data sources and products acquired and processed 
as an input for the land cover classification and stratification of SWCS on the BANWR. 

Data Source Date Final Product(s) 

Planet Scope Imagery May 27, 2017 Surface reflectance mosaic, NDVI raster 

Planet Scope Imagery Aug 28, 2017 Surface reflectance mosaic, NDVI raster 

Planet Scope Imagery May 28, 2018 Surface reflectance mosaic, NDVI raster 

Planet Scope Imagery Jun 5, 2019 Surface reflectance mosaic, NDVI raster 

Planet Scope Imagery Sept 3, 2019 Surface reflectance mosaic, NDVI raster 

UAV digital images Jun 7 and Aug 

27, 2019 

Orthomosaics, Digital Terrain Model 

(DTM), Digital Elevation Model (DEM), 

Canopy Height Model (CHM), Green Leaf 

Índex (GLI) 

LiDAR data Aug 2016 Digital Terrain Model (DTM), Digital 

Elevation Model (DEM), Canopy Height 

Model (CHM), Hillshade 

Mosaics for BANWR were created using ten images from May 27, 2017; 27 

images from August 28, 2017; 15 images from August 12, 2018; 13 images from May 28, 

2018; 13 images from September 3, 2019, and 17 images from Jun 5, 2019 (Table 3). The 

mosaics were clipped to the BANWR study area to reduce file size and concentrate the 

preprocessing only in the area of interest. The Land Cover Classification System was 

based on plant functional groups: shrubs/trees, grass/desert vegetation, and bare soil. A 

Supervised Classification was performed employing a Classification and Regression 

Trees (CART) algorithm that delineates different cover types based on a data mining 

technique that extracts patterns in the data. A stack of images containing PS NDVI raster, 
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PS Surface Reflectance raster, and a Canopy Height Model (CHM) created using LiDAR 

data were used in the training and validation. The training sites for the classes were 

created, selecting 50 polygons for each class, considering areas representing 

homogeneous pixels across the entire BANWR using the UAV orthomosaics as a base 

map. Each class was separated into training and validation in equal parts using 50% for 

splitting. The C50 R package (Kuhn & Quinlan, 2020) was used to train the model with 

the training data to train and validate polygons from stacked imagery from May and 

August; 2017 and 2018, as well as June 2019 and August 2019. A boosting was added to 

increase the model accuracy using ten trials. A prediction was executed using the model 

to obtain classification trees and the model accuracy as assessed based on the testing data. 

A total of 2052 random points were used to assess the classification outputs for 

May 2017; 2108 random points for August 2017; 1951 random points for May 2018; 

1808 points for August 2018; 2962 points for June 2019, and 2487 points for August 

2019. The confusion matrices were produced using the confusion matrix R package 

The overall accuracy, as well as omission and commission errors, were computed 

for the land cover maps. Finally, a classification map for each period was saved as a 

*.img imagery.  

2. Determining adequate buffer size using NDVI and land cover class metrics 

Comparisons were established between histograms for points against lines for 

both May and August 2017. From the histograms and visual observations, it can be 

noticed that lines compared to the points better represent the SWCS’s effects on 

vegetation (measured through the NDVI values). Because the lines buffers only consider 

the runoff effect on the SWCS’s area; in contrast, the points buffers include runoff lateral 
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effect on the SWCS’ area. A comparison between May and August 2017 was established 

using the correlation matrix (Figure 3). It was determined that for May 2017, all 

correlations between SWCS and NDVI values were positive. On the other hand, in 

August 2017, all correlations were negative. However, the highest correlation values with 

the highest p-value corresponded to 120 m buffer size in May 2017. In contrast, the 

highest correlation value with the highest value was represented in the 1000 m buffer size 

in August 2017. 

Figure 3. Planet Scope correlation between different buffer sizes and SWCS length for May 
2017 NDVI values. The left side shows the correlation from buffers created using lines to 
represent the SWCS. The right side displays the correlation from buffers created using 
points. Dark blues exhibit a higher correlation, while white shows low correlations, 
respectively. 
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To validate the adequate buffer size, 100 random points were created, and the 

same procedure to create a different size buffer and extract NDVI values was applied to 

those points. After that, the correlation matrix and significance test were developed for 

the random points. The comparison between lines and random points revealed that 

random points showed the same behavior as lines for both May and August 2017, with 

120 m buffer size and 1000 m buffer size, respectively. The highest correlation was 

between structure length and buffer size.  

Finally, it can be concluded that the most suitable buffer size to determine the 

SWCS’s effect on vegetation using the NDVI index as the parameter is 120 meters for 

May and 1000 meters for August. 

Four landcover maps from May and August during both 2017 and 2018 were 

created using the Classification and Regression Trees (CART) algorithm to determine the 

land cover composition in the BANWR. These maps also were used to determine the 

 adequate buffer size for each water and soil structure in the BANWR (Figure 4). The 

procedures to determine buffer size included four scripts written in R using the following 

libraries: raster, sp, rgdal, maps, rgeos, and ggplot. The scripts used point and line 

shapefiles as well as NDVI raster data for May and August 2017 and 2018. Polygons 

buffers were created for both points and lines, and the buffer sizes used were 30m, 60m, 

90m, 120m, 500m, and 1000m above and below all the SWCS located in the BANWR. 

Later, the polygon buffers were saved as a shapefile and added to the original BANWR 

point and line shapes. Those polygons were used to extract all the NDVI cell values from 

the May and August 2017 and 2018 rasters, and then the values were summarized using 

the function mean. NDVI values for each polygon buffer were saved into a .csv file, and 
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the buffer length for each structure was added to the .csv file to plot data into histograms 

using the following libraries: ggplot2, dplyr, hrbrthemes, and reshape. A histogram was 

plotted for each buffer size upstream and downstream the SWCS (30m, 60m, 90m, 120m, 

500m, 1000m) for May and August 2017. 

The corrplot library was used to build a correlation matrix. It was computed using 

a .csv file containing all the NDVI values for each buffer size and structure length to 

determine the correlation between them. Lastly, a significance test was implemented to 

determine the p-value of the correlation. 

 

 

Figure 4. Flow chart to determine adequate buffer size. A comparison of the NDVI 
values was conducted using t-test and ANOVA. 
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2. Vegetation Indices 
The Normalized Difference Vegetation Index (NDVI) was computed for dry and 

wet seasons using the mosaic of multispectral reflectance imagery from PS. The 

Normalized Differenced Vegetation Index (NDVI) was derived using the bands near-

infrared and red bands from these images. NDVI calculations used the following 

equation: 

 NDVI = ρNIR−ρRed
ρNIR+ρRed

     (1)                                        

where ρNIR is the NIR reflectance value and ρRed is the red reflectance value. 

NDVI from May was subtracted from August to obtain index and land cover 

composition differences. The indices differences corresponded to grass, considering that 

in May, the index is related mostly to shrubs while in August, it includes shrubs and 

grasses. Land cover maps identified the location, extent, and changes of the land cover 

composition for dry and wet seasons and their relationship with the soil and water 

structures, topography, and soil type. 

Green Leaf Index (GLI), which was designed for use with a digital RGB camera 

to measure wheat cover (Louhaichi et al., 2001), was computed using RGB orthomosaics 

derived from UAV photos for each site in both June and August 2019. The Green Leaf 

Index (GLI) uses the red, green, and blue digital numbers (DNs) with a range from 0 to 

255.  The equation to compute GLI is the following: 

𝐺𝐺𝐺𝐺𝐺𝐺 = (𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺−𝑅𝑅𝐺𝐺𝑅𝑅)+(𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺−𝐵𝐵𝐵𝐵𝐵𝐵𝐺𝐺)
(2∗𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺)+𝑅𝑅𝐺𝐺𝑅𝑅+𝐵𝐵𝐵𝐵𝐵𝐵𝐺𝐺

   (2) 

GLI values vary from -1 to 1. Negative values denote soil and non-living features, 

whereas positive values are associated with green vegetation. 
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3. Landscape metrics calculations 
Land Cover Maps developed with the CART were used to compute Landscape 

metrics employing the Landscapemetrics R package. These metrics allow us to calculate 

and characterize the BANWR landscape.  Two landscape metrics were calculated: class 

and landscape. Class metrics represented the spatial distribution and landscape pattern of 

a single patch. These metrics quantified the patch configuration. On the other hand, 

landscape metrics denoted the spatial pattern of the entire landscape, including the 

number of patches, patch area, and distances between patches. A composition and 

configuration description of the land cover was completed by the land cover maps for dry 

and wet seasons during 2017, 2018, and 2019. The list of class and landscape-level 

metrics to be quantified in the study are presented in Table 4 

Table 4. Landscape patch and core area fragmentation metrics used to assess changes on 
the BANWR at the Class and Landscape Level. 

Landscape 
Metrics Level 

Name Abbreviation Metric Type Units 

Class 

Mean of patch area AREA_MN Area and 
edge Hectares 

Coefficient of Variation of  
Patch Area AREA_CV Area and 

edge Hectares 

Core Area Percentage of 
Landscape CPLAND Core area  Percent 

Coefficient of Variation 
Core Area Index CAI_CV Core area  Percent 

Landscape  

Contagion CONTAG Aggregation  Percent 
Number of Patches NP Aggregation None 

Shannon’s Diversity Index SHDI Diversity 
metric None 

Splitting Index SPLIT Aggregation None 
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C. Calibrating PlanetScope data with UAV imagery to scale green grass fractional 
cover to BANWR 

1.  Sites 
Five study sites with different land cover types in the BANWR were selected to 

assess variations in fraction cover. The first site is comprised of grassland and mesquite 

located near the stock tank in the Round Hill area. The second site, which has a stock 

tank 5 meters high and 120 meters long, which is the Round Hill Tank. The cover type in 

this site includes grass and shrubs in the stock tank’s lower part, mesquites, and bare soil. 

The third site is situated in the Pozo Hondo Wash, next to the road accessing Round Hill 

Tank. This site is mainly grassland with a few spots of mesquite. The fourth site, very 

degraded with high erosion and sparse vegetation and mesquite cover, is close to Milpa 

Tank. The fifth site is near Albert Road and is mainly grassland with some mesquites. 

This area showed management related to mesquite removal treatments. 

2. UAV Imagery 
The UAV data were collected on June 7 and August 27, 2019, using a DJI 

Phantom 4 PRO quadcopter (drone) with a standard camera. The camera’s sensor has a 

1” CMOS and 20Mpixels effective pixels. The lens has a Field of View (FOV) of 84 and 

24 mm (35 mm format equivalent) f/2.8-f/11 focus at ∞. The camera was stabilized with 

a 3-axis gimbal (pitch, roll, and yaw); the controllable range for the pitch is -90° to +30°; 

the max controllable angular speed is a Pitch 90°/s, and the angular vibration range is 

±0.02°. 

The Altizure autonomous flight application (iOS v 1.4.1) for Phantom 4 was used 

as an autopilot during the flights. We used a 70 m flying altitude and an 80% overlap to 

reach ultrahigh-resolution imagery (~2.5 cm). The image sequences were processed into 
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an orthomosaic and a point cloud using Agisoft Metashape Professional v1.5.2. This 

software allows completion of initial photo alignment and referencing using four ground 

control points (GCP) for each site. GCP’s were measured and processed using a 

differential GPS procedure with a base station and rover. After this, a camera alignment 

optimization was executed to remove low-quality sparse points using the Gradual 

Selection Tool. Different gradual selection types for assessing sparse point errors were 

used, containing Reconstruction Uncertainty, Projection Accuracy, and Reprojection 

Error. After deleting the poor-quality points, the Tie point accuracy (pix) was changed to 

0.3. Later, we used the tool Workflow to build dense point clouds that were used to 

derive Digital Terrain Model (DTM) and Digital Surface Model (DSM) that were 

employed to create a Canopy Height Model (CHM). Finally, DEMs were used to develop 

Orthomosaics for each site for both June and August 2019. 

3. PlanetScope Satellite data 
Satellite imagery was acquired as close as possible to the UAV flights. The 

PlanetScope imagery was obtained from Planet Application Program Interface as an 

analysis-ready level 3B Surface Reflectance product (Planet Team, 2019). Satellite 

imagery was clipped to the BANWR boundaries using the Clip Raster tool in ArcGIS Pro 

2.4.2 (ESRI, 2019). 

Normalized Difference Vegetation Index (NDVI; Rouse, 1973; Tucker, 1979) 

was computed for PS imagery using the reflectance values for the red and NIR bands 

(NDVI; Rouse, 1973; Tucker, 1979). NDVI has been used to derive biophysical variables 

such as leaf area index and fraction cover (Laidler et al., 2009). NDVI was computed 

using the Raster Calculator Tool in ArcGIS Pro 2.4.2 (ESRI, 2019). 
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4. Computation of Fraction Green Cover 
The classified image result of the Classification and Regression Trees (CART) 

was used to compute the fractional vegetation cover for each class in all the sites for June 

and August 2019 (Figure 5). The classes considered in each site included: bare soil, green 

grass, senescence grass, trees, and shadows. The same procedure was used to calculate 

the fractional vegetation cover for each class. First, a binary reclassification was made, 

assigning 1 to the class of interest and 0 to the other classes. Reclassification included 

assigned 1 to all the class to obtain the cells' total number. After the reclassification, the 

ArcGIS Aggregate tool was applied to each class raster; the parameters used were a 73 

value for the cell factor to make the UAV imagery equal to the Planet Lab cell size and 

sum as an aggregation technique. Furthermore, the raster containing all the classes was 

aggregated to get the cells total for an aggregated raster. Next, the raster calculator 

calculated the fraction cover for each class using the following formula: 

Fraction Cover = (“aggregate_class” / “aggregate_all_classes”) *100  (3) 

Where the aggregate class can have the following classes:  bare soil, green grass, 

senescence grass, trees, and shadows.  

Rasters for each class were saved as a fraction cover percentage. Following this 

step, the NDVI PlanetScope raster was clipped to the site’s extent using the tool Clip 

Raster to obtain the NDVI value for each pixel. To get NDVI values for each raster pixel 

in each location, the fraction cover percentage raster was converted to points through the 

ArcGIS Pro tool raster to point, and the result was a vector for each class and site 

respectively. Later, the tool extract values to points were performed to extract the NDVI 

value for each class vector and site in the study area. Finally, the obtained values were 

exported to tables with dBase format to be processed in Microsoft Excel. 
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Figure 5. Flow chart to calculate Fraction Cover. The Site 2 equation was applied to the Planet 
NDVI raster to get the green grass fraction cover. 
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5. Validation of shrubs/trees land cover class using Planet Scope land cover maps 
and the Canopy Height Model derived from LiDAR  

Validation for the shrubs/trees land cover class was performed using the land 

cover maps for May and August 2017 and 2018. These maps were reclassified to obtain 

the shrubs/trees class. After this, the extract by mask procedure was used to obtain the 

shrubs/trees class from the Canopy Height Model derived from LiDAR. Next, the raster 

generated by the extract by mask was reclassified to identify ground (0-0.3m), small 

shrubs (0.3-1.0 m), tall shrubs/small trees (1.0-2.0 m), and tall trees (>2.0m). Finally, the 

combine tool was used to obtain the number of cells per each category using the CART 

land cover map and the reclassified mask. 

6. Cross-Validation of woody cover derived from UAV and Planet Scope Data 
To determine the percent of cover for the shrubs/trees class, rectangles of 90 x 90 

meters were created in each one of the validation sites using the Create Fishnet Tool from 

ArcGIS Pro v 2.5.1. (ESRI, 2020). The number of rectangles in each site was different 

according to the site size. There were four rectangles in sites 1, 2, and 3 and six 

rectangles for site 4 in the UAV orthomosaics generated in May 2019. For August 2019, 

there were four rectangles for sites 1 and 3, nine rectangles for site 2, and six rectangles 

for site 4. 

The CART classification maps for UAV and Planet Scope were clipped using the 

rectangles in each site in May and August 2019. The clipped areas were used to 

determine the percent of cover for the shrubs/trees class. 
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IV. RESULTS AND DISCUSSION 

A. Examining NDVI seasonal differences Maps (2017,2018,2019) 
NDVI maps for May 2017, May 2018, and June 2019 ( Figure 6) as well as the 

maps for August 2017, August 2018, and September 2019 (Figure 7) were developed 

from the Planet Scope mosaics using red and near-infrared bands. Figure 6 shows that 

NDVI values were higher in June 2019 than in May 2017 and 2018. In contrast, Figure 7 

shows higher NDVI values for August 2018 than in August 2017 and September 2019. 

These trends can be explained by the rainfall distribution during the period of study. For 

example, in June 2019 occurred 108.46 mm of rainfall during the previous months and as 

a result, we can observe higher NDVI values. In contrast, May 2017 had only 40.13 mm 

while May 2018 had 55.88 mm of rainfall during the antecedent months. For August 

2018, the rainfall during the previous months was 188.21 mm, consequently the NDVI 

values were higher than in August 2017 and September 2019 whose presented 178.05 and 

158.5 mm of precipitation. 

NDVI differences maps for 2017, 2018, and 2019 (Figure 8) revealed that NDVI 

increases are associated with SWCS in the flood plain even in years with limited rainfall 

amount; conversely, the SWCS in the upland displayed a decrease in the NDVI values. 

One factor influencing the NDVI differences is the relationship between rainfall and 

NDVI. For example, in 2017, there was 207.2 mm of rainfall between May and August, 

while the rainfall was only 50 mm in 2019. The highest NDVI differences between the 

dry and wet season occurred in 2018 and the lowest in 2019. However, it is essential to 

consider other factors, such as the management in the BANWR, because even though the 
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highest annual precipitation occurred in 2018, the highest NDVI differences occurred in 

2018 may be due to the prescribed fires implemented in the BANWR.  

Figure 8 shows the NDVI differences in the BANWR between wet and dry 

seasons during 2017, 2018, and 2019.  NDVI maps were created for both wet and dry 

seasons (Figure 6 and Figure 7). Then the difference between both seasons was 

calculated, assuming that NDVI in the dry season mostly corresponds to shrubs and trees. 

At the same time, the NDVI in the wet season is the greenness of the shrubs/trees in 

addition to grassland/desert vegetation.  

Figure 8 revealed that 2018 showed higher NDVI increases than in 2017 or 2019. 

It is observed that there is an association between NDVI and structure location for all 

three years. Structures located in the flood plains displayed higher NDVI increases than 

SWCS in the upland. In the map for 2018, there is an NDVI increase in the southern area 

of the BANWR. Figure 8 illustrates the NDVI differences between August and June 2019 

showed the lower differences between June and September, there were some areas with 

NDVI decrease closer to the upland SWCS. 

The statistics for the 2017 difference NDVI map showed a minimum of -0.7920, a 

maximum of 0.6610, the mean was 0.0896, and the standard deviation was 0.1229. In 

contrast, the statistics for the 2018 NDVI difference map had a minimum of  -0.5778, a 

maximum of 0.6380, the mean was 0.0840, and the standard deviation was 0.1186. The 

statistics for the 2019 NDVI difference map had a minimum of -0.7812, a maximum of 

0.7509, the mean was 0.0852, and the standard deviation was 0.057. 

 



 

71 

 

Figure 6. Planet Scope NDVI for May 2017, May 2018, and June 2019 for the BANWR.
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Figure 7. Planet Scope NDVI for August 2017, August 2018, and September 2019 for the BANWR. 
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Figure 8. Planet Scope NDVI differences May-August 2017, May-August 2018, and June-September 2019 for the BANWR. 
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NDVI has been used to identify the effects of climatological variables such as 

precipitation and temperature on vegetation cover. The winter and summer rainfall 

distribution patterns affected the NDVI differences during the period of study. The 

cumulative precipitation mean for the winter during 2001-2019 was 50.20 mm, while for 

the period of study it was 72.47 mm. For the summer between 2001 and 2019, the 

cumulative precipitation mean was 177.41 mm, whereas for the summer between 2017-

2019, it was 193.29 mm. We can observe that the years during the period of the study 

presented higher cumulative precipitation mean values than the period 2001-2019 for 

both winter and summer seasons. 

There was a  high rainfall variability (Figure 9); for example, there was a pretty 

good summer rainfall in 2017 (Figure 9B) with 213.36 mm that is higher than the mean 

for the period 2001-2019 (177.41 mm), but not an exceptional spring rainfall that had 

only 49.02 mm that is lower than the mean for 2001-2019 (50.20 mm) .  In contrast, there 

was excellent winter precipitation in 2018 and 2019 with 88.90 and 79.50 mm 

respectively that is higher than the mean for 2001-2019. However, there was a favorable 

summer rainfall in 2018 (280.42 mm) but then not an acceptable summer rainfall in 2019 

(86.11 mm). The higher variability in the rainfall distribution can be associated with 

climate change whose recognized effects include a higher variability in precipitation 

events in dryland regions as well as a decrease in the amount of precipitation 

(IPCC,2014). 

 

Figure 9A showed that NDVI presented an increase in the last ten years than in 

the previous years. The mean for NDVI values for both winter and summer seasons were 
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higher in the period of study than the period 2001-2019. For the winter, the mean NDVI 

values were 0.20 between 2001 and 2019, whereas between 2017 and 2019 it was 0.22. 

In the summer, the NDVI values were 0.32 and 0.37 for the periods between 2001 and 

2019 and between 2017 and 2019, respectively. 

The increased in the NDVI values is more noticeable during the last five or six 

years than in the first years of the time series. The mean NDVI values for winter 2017, 

2018, and 2019 were 0.21, 0.21, and 0.23. These values are higher than the mean NDVI 

value for the 2001-2019 period that was 0.20. For the summer 2017, 2018, and 2019 the 

NDVI values were 0.37, 0.38, and 0.38 that are higher than the mean NDVI values for 

the period between 2001 and 2019 (0.32). It is expected that vegetation response and 

consequently NDVI trend will be linked to the variability of rainfall distribution that is 

driven by climate change. There was a relationship between rainfall and NDVI peaks 

between January 2001 and December 2019 for the study area. However, for the period of 

study, the maximum values for NDVI and precipitation presented a small shift, probably 

due to high variability in the rainfall distribution pattern as well as good winter rainfall in 

2017 and 2018.  

Figure 9B exhibits that the highest precipitation and NDVI values occurred in 

2018. In contrast, the lowest precipitation and NDVI values were present in 2019. Large 

areas in the BANWR correspond to no change in the classes considered: bare soil, 

grass/desert vegetation, and shrubs/trees for both dry and wet season during 2017-2019. 

However, it is essential to highlight that the most considerable change occurred for the 

bare soil class in 2018 and 2019 that presented lower rainfall than 2017 during the 

summer.  
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NDVI low values during the winter are associated with the reduction of the plants 

photosynthetic activity and as a result a decrease in the annual plants. In contrast, during 

the summer season the combined effect of high precipitation and high temperatures 

(Figure 10) promotes more greenness as a consequence of plant growth. However, in the 

summer due to high temperatures there is more evapotranspiration, and therefore not all 

the rainfall is used by the plants.  

Figure 10 shows that the lowest temperatures occurred during the winter and the 

highest during the summer season. The mean maximum temperature during the summer 

season for the periods between 2001 and 2019, as well as between 2017 and 2019, 

showed similar values with 35.28 and 35.18 ℃ respectively. The winter season presented 

the same trend with values of 19.01 and 19.12 ℃ for the 2001-2019 and 2017-2019 

timeframes. Therefore, we have typical values for maximum temperature during the 

period of study. 

The period between 2001 and 2019 (Figure 10A) shows that the maximum 

temperatures occurred when the NDVI maximum value is present. However, during the 

period of study, there was a small shift between maximum temperature and maximum 

NDVI.  
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Figure 9. The Graphs show A) Time series for NDVI and Precipitation 2001-2019, B) NDVI, and Precipitation 2016-2019. NDVI data 
were obtained from the MODIS website considering the period between January 1, 2001, and December 31, 2019. Precipitation data 
were downloaded from the Pima County Regional Flood Control District using the streamflow gage 6383 located at Altar Wash at 
Highway 286. 
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Figure 10. The Graphs shows A) NDVI and Temperature Max 2001-2019, and B) NDVI and Temperature Max 2016-2019. NDVI 
data were obtained from the MODIS website considering the period between January 1, 2001 and December 31, 2019.Temperature 
data were downloaded from the PRISM Climate Group http://www.prism.oregonstate.edu 
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B. Land Cover Maps 
Precipitation influences the growth and flowering at the BANWR (within the last 

three years). Other factors that affect greenness include plant physiology and site 

characteristics. However, it is important to highlight that some shrubs, for example, 

mesquite, produce leaves in May, one to two months before the summer rains. Therefore, 

we can observe that shrub/tree cover is more evident in the dry season because grasses 

are dormant during that time. Grasses and most plant species grow in response to the 

monsoon rainfall when soil moisture is most available. For instance, the amount of 

available soil moisture determines the grass's photosynthetic activity. 

A MODIS time series data was used to determine the timing of green-up and 

appropriate data acquisition times (Figure 11). 

Figure 11. MODIS 250m 16 days NDVI time series data 2001-20020 for the 
BANWR.The red arrows show the acquisition for the Planet Scope imagery in 
May 2017 and 2018, June 2019, August 2017 and 2018, and September 2019. 
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Figure 12, Figure 13, and Figure 14 show the Land Cover Maps for the BANWR 

for both wet and dry seasons during 2017, 2018, and 2019.  Land Cover Maps were 

created considering the following classes: bare soil, shrubs/trees, and grass/desert 

vegetation. Land Cover maps were created for wet and dry seasons using a Classification 

and Regression Trees (CART) algorithm, which utilizes an NDVI raster derived from PS 

Imagery, a Canopy Height Model (CHM) derived from LIDAR data and a mosaic from 

PlanetScope. 

Figure 12 represents the land cover maps for the wet and dry seasons in the 

Buenos Aires National Wildlife Park (BANWR). The graphic shows a decrease in the 

bare soil cover, an increase in the grass/desert vegetation cover from May to August 

2017, whereas the shrubs/trees cover presented significant changes between May and 

August, in May is more noticeable that most of the greenness detected by the sensor 

detects correspond to the shrubs and trees because the grassland/desert vegetation is 

senescent during the dry season.      

Figure 13 is the land cover map for 2018 shows a decrease in the bare soil cover 

in the BANWR south and an increase in the north, an increase in the grass/desert 

vegetation cover from May to August 2018. Finally, the shrubs/trees cover presented 

significant changes like in 2017. In May the shrubs/trees cover was is more noticeable 

than in August due that the grassland/desert vegetation is green during the wet season.    

The land cover map for 2019 (Figure 14) shows an increase in the bare soil cover 

in the BANWR north and an increase in the grass/desert vegetation cover from May to 

August 2019. The shrubs/trees cover remains almost constant during the year. 
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Figure 12. Planet Scope land cover maps for dry and wet seasons during 2017 for the BANWR. The map shows that in 
both May and August 2017, the bare soil class is present in the north of the BANWR. 
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Figure 13. Planet Scope land cover maps for dry and wet seasons during 2018 for the BANWR. The map reveals an increase 
in the bare soil in the north of the BANWR from May to August. 
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Figure 14. Planet Scope land cover maps for dry and wet seasons for the BANWR during 2019. The map 
shows the same pattern as in 2018 for the bare soil present in the north, but there is an increase in this class 
in the southwest of the BANWR. 
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In Table 5, we can observe that the grass /desert vegetation cover type has 

increased in the BANWR in the dry season. Its total extent increase between May 2017 

and June 2019 from 28,400 to 36,900 ha. The extent of grass/desert vegetation for the 

BANWR represented 68 percent in May 2017, and by Jun 2019, it was 89 percent of the 

total land cover. 

Table 5. Proportional Planet Scope land cover extent as total hectares and percent for the 
BANWR (May 2017 and 2018, and June 2019). 

 In May 2017, the shrubs/trees cover type represented 20 percent of the total area 

showing an increase to 22 percent in May 2018 and then a decrease to 4 % in June 2019.  

The bare soil cover type had a decrease between May 2017 and May 2018 from 

4,700 to 1,000 ha, whereas there was an increase from 1,000 to 2,800 ha between May 

2018 and June 2019 

The bare soil cover type has increased in the BANWR during the wet season. Its 

total extent increase between August 2017 and September 2019 from 4,100 to 7,200 ha. 

The extent of bare soil for the BANWR represented 10 percent in August 2017, and by 

September 2019, it was 17 percent of the total land cover. 

 In August 2017, the shrubs/trees cover type represented 11 percent of the total 

area showing an increase to 11 percent in August 2018 and then a decrease to 4% in 

September 2019.  

 May 2017 May 2018 Jun 2019 

 Hectares % Hectares % Hectares % 

Bare Soil 4764 11.48 1058 2.55 2772 6.68 

Grass/Desert Vegetation 28405 68.47 31409 75.72 36962 89.10 

Shrubs/Trees 8314 20.04 9016 21.73 1748 4.22 
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 The grass/desert vegetation cover type had a small decrease between August 2017 

and August 2018 from 32,600 to 30,300 ha, whereas there was an increase between May 

2018 and June 2019 from 30,300 to 32,500 ha. 

Table 6 shows that the bare soil cover type has increased in the BANWR during 

the wet season. Its total extent increase between August 2017 and September 2019 from 

4,100 to 7,200 ha. The extent of bare soil for the BANWR represented 9.88 percent in 

August 2017, and by September 2019, it was 17.39 percent of the total land cover. 

Table 6. Proportional Planet Scope land cover extent as total hectares and percent for the 
BANWR (August 2017 and 2018, and September 2019). 

 Aug 2017 Aug 2018 Sep 2019 

 Hectares % Hectares % Hectares % 

Bare Soil 4099 9.88 6531 15.74 7214 17.39 

Grass/Desert Vegetation 32592 78.57 30310 73.06 32520 78.39 

Shrubs/Trees 4792 11.55 4642 11.19 1748 4.22 

 In August 2017, the shrubs/trees cover type represented an 11.55 percent of the 

total area showing an increase to 11.19 percent in August 2018, and then a decrease to 

4.22% in September 2019.  

The grass/desert vegetation cover type had a small decrease between August 2017 

and August 2018 from 32,592 to 30,310 ha, whereas there was an increase between May 

2018 and June 2019 from 30,310 to 32,520 ha.There was an opposite trend in the wet and 

dry season for the land cover types in the BANWR. For instance, the bare soil cover type 

decreased from May 2017 to June 2019; in contrast, it increased from August 2017 to 

September 2019. These results can be due to the prescribed fire program implemented in 
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the BANWR; as a result, burned areas are detected as bare soil by the PS sensors and 

classification approach. 

The shrubs/trees cover type presented the same trend for the dry and wet seasons, 

indicating a decrease from 2017 to 2019. However, the percentages of the total area were 

higher in May 2017 (20.04%) and May 2018 (21.73%) than in August 2017 and 2018 

with values of 11.55 and 11.19 %, respectively. Shrubs/trees cover type later in 2019 

showed similar percentages for both dry and wet seasons. These results revealed a 

decrease in the shrubs/trees cover that can be explained by results found by Villarreal et 

al. (2016), where the Total vegetation Fraction Cover calculated showed a decrease in the 

values immediately after the annual prescribed fires. However, I was only able to gather 

one map showing the BANWR fires from 2005 through 2010 (Appendix C Figure 42).  

Another factor that possibly explains the decrease in shrubs/trees cover between 

May and August 2017 and 2018 is the fact that classifying the class shrubs/trees 

represents a problem because some species of shrubs and trees have different 

phenological responses in the dry and wet seasons. Desert plants present different 

adaptations to drought conditions, including a) plants growing during a short season, b) 

plants with limited growth due to decreasing transpiration, c) shrubs showing different 

levels of deciduousness in dry seasons and may become completely leafless in response 

to long term drought, and d) perennial plant drought resistance when soil moisture is low 

(Gibson, 2012; Smith et al., 2012; Walter 2012). 

When water is present, humidity contributes to desert vegetative growth, so 

drought resistance structures do not use them. As the humidity decreases, some shrubs 

develop or activate their resistance structures. This occurs when they change their 
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coloration by turning gray, or in some cases almost white, to avoid insolation. Some 

shrub species located in the BANWR with these types of adaptations include the Burro-

weed (Ambrosia dumosa), which is a drought deciduous shrub that loses its leaves during 

the dry summer season but leafs out rapidly after rains (Baldwin & Goldman, 2012; 

McClaran, 2003). Other species that change their aspect when a lack of soil moisture 

occurs include Atriplex canescens, which changes from green to whitish or silver, and 

Krameria erecta, whose leaves changes from pale green to gray or white (Griffith, 1991; 

Sturla, 2017). As a result, the shrubs appear in the land cover maps in May 2017 and May 

2018 for both UAV and Planet Scope, but they disappear in the land cover maps for 

August 2017 and August 2018 as can be observed in Figure 18, 19, and 20. 

C. Land Cover Change 
Long-term land cover change in the BANWR is essential to understand the 

interaction between climate, SWCS, and management practices implemented in the 

protected area. This research provided a land cover change for short periods that only 

offer inter-annual and seasonal variability using high spatial and temporal resolution from 

PlanetScope. However, land cover types are strongly influenced by climate variability. 

Van Leeuwen et al. (2010b) stated that low-elevation desert sites potentially have a high 

degree of sensitivity to precipitation events. Therefore, climatic conditions preceding, 

following, or interacting with management practices such as prescribed fire or reseeds 

may increase or decrease a land cover type (e.g. bare soil, grassland/desert vegetation).  

We found increases in grassland/desert vegetation cover type from the dry months 

to the wet months, particularly in years with excessive rainfall and in areas that had not 

recently burned. The land cover change from May/June to August/September showed a 
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significant increase from grass/desert vegetation cover in 2017 and 2018 but only a slight 

increase in 2019. These changes are because grasses have a phenology that is 

characterized by the growing season associated with the rainfall during the monsoon. In 

contrast, the shrubs/trees cover presented small increases in 2017 and 2018 but no 

increase in 2019. This is due to the phenology of shrubs/trees, whose growing period is 

during March, April, and May. 

Figures 15,16, and 17 show the FROM-TO land cover change in the BANWR for 

2017, 2018, and 2019. Land cover changes comprise bare soil to grass/desert vegetation, 

shrubs/trees to grass/desert vegetation, bare soil to shrubs/trees, grass/desert vegetation to 

bare soil, and grass/desert vegetation to shrubs/trees. 

Figure 15 reveals that most of the BANWR had no change in the land cover, 

which represents 85% of the total area. The new bare soil areas occurred mostly in the 

SWCS located in the northeast of the BANWR, corresponding to 2.34% of the BANWR 

area. In contrast, in the northwest and the areas close to the floodplain, SWCS showed an 

increase in the class new grass/desert vegetation with 12.23 %. These results match with 

the highest NDVI values differences for 2017 showed in Figure 11, which was a result of 

the amount of rainfall that occurred that year. The shrubs/trees only saw 0.16% of 

changes.  

  
       Figure 16 shows substantial differences in comparison with 2017. The no-

change area decreased to 77.8%, while there was an increase in the new bare soil class 

that occurred in the north of the BANWR representing 13.36% of the total area. 

Conversely, the change in the grass/desert vegetation class decreased in 2018, comprising 
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8.60% of the BANWR area. The change in the shrubs/trees class covered 0.19% of the 

area situated mostly near to the main channel. 

Figure 17 exhibits an increase in the no-change area with 88.29%. In 2019, the 

land cover changes occurred in the classes bare soil and grass/desert vegetation. The bare 

soil change represented 11.20% of the BANWR area, while grass/desert vegetation 

showed a slight change covered by 0.50%. from grass to bare soil represent the most 

significant change during 2019. These results in a change from the dry to wet season in 

2019 are expected because of the scare rainfall that year. Therefore, changes between dry 

and wet season were minimum reflected in the small changes in land cover as well as the 

lowest NDVI values for the period of study. 
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Figure 15. Planet Scope land cover change from May to August for the BANWR. The map shows that most of the change 
was new grass/desert vegetation, which is displayed in blue. 
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       Figure 16. Planet Scope land cover change from May to August 2018 for the BANWR. Map display that most of the 

changes occurred in the north of the refuge related to the new bare soil cover type. 
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Figure 17. Planet Scope land cover change from June to September 2019, BANWR. The map shows that the land cover 
changes presented during 2019 were from grass to bare soil and vice- versa. 
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The precipitation effect on vegetation can be identified in the grass desert 

vegetation changes that showed the highest values in 2018, where the highest rainfall 

occurred during the three years considered in the study. The shrubs/trees class displayed 

changes slightly in 2017 and 2018 between the dry and wet season with no changes in 

2019. For the period of study, the spring and monsoon rainfall are variable. The peak 

NDVI values are different and falling in different months every year. The NDVI values 

for 2019 might be affected by the 2018 fall rainfall. 

Land cover classification maps revealed that the 2017-2019 period showed the 

most extensive changes for the bare soil class. However, the prescribed fires may 

influence it in the BANWR in addition to the rainfall effects. 

For 2017 and 2018, it can be observed that there was an increase in grass/desert 

vegetation cover during the wet season is related directly to water availability. As a 

result, in addition to the increase of grass/desert vegetation cover, the amount of bare soil 

cover decreases during the monsoon. In contrast, 2019 presented the opposite pattern. 

Table 7 reveals that two land cover types (bare soil and grass/desert vegetation) 

have increased the percent relative change positively during the 2017-2019 period. In 

contrast, the shrubs/trees cover type showed a negative percent relative change from         

-42.4 between May and August 2017 to -79.0 between May 2017 and September 2019. 

 Bare soil increased the percent relative change from -14.0 between May and 

August 2017 to 51.4 between May 2017 and September 2019. 

The percent relative change for grass/desert vegetation cover type initially 

increased from May 2017 to August 2017 (14.7).  Later, this cover type decreased 
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between May 2017 and August 2018 (-3.5), and finally, grass/desert vegetation increased 

from May 2017 to September 2019 (14.5).  

 

Table 7.  Planet Scope percent relative land cover change for the BANWR (May-August 
2017, May 2017-August 2018, and May 2017-September 2019). 

   
May2017-
Aug 2017 

  
May 2017-
Aug 2018 

 
May 2017-
Sep 2019 

 
Bare Soil -14.0 37.1 51.4 

Grass/Desert Vegetation 14.7 -3.5 14.5 

Shrubs/Trees -42.4 -44.2 -79.0 

Land cover changes in the BANWR showed a decreased in the bare soil and an 

increase in the grass/desert vegetation in 2017. In contrast, there was an increase in the 

bare soil and a decrease in the grass/desert vegetation in 2018 and 2019.
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D. Validation of shrubs/trees land cover class 
To understand better the decrease from the class shrubs/trees from May to August 

in 2017 and 2018 a validation of shrubs/trees land cover class was performed for the land 

cover maps from May 2017, August 2017, May 2018, August 2018, June 2019, and 

September 2019. The results for the period of study are shown in the Table 8. 

Table 8. Planet Scope and Lidar data-based percentage of short and small shrubs/trees for 
the land cover map, BANWR during May 2017, August 2017, May 2018, August 2018, 
June 2019, and September 2019. 

Class 
May 2017 

% 

Aug 2017 

% 

May 2018 

% 

Aug 2018 

% 

Jun 2019 

% 

Sep 2019 

% 

Ground 0.00 0.00 0.00 0.00 0.00 0.00 

Small shrubs 20.90 0.00 24.23 4.42 0.00 0.00 

Tall shrubs/ 

Small trees 
37.86 28.04 36.96 24.25 0.00 0.00 

Tall trees 41.24 71.96 38.82 71.32 100.00 100.00 

 

To understand better the decrease from the class shrubs/trees from May to August 

in 2017 and 2018, a validation of shrubs/trees land cover class was performed for the land 

cover maps from May 2017, August 2017, May 2018, August 2018, June 2019, and 

September 2019. The results for the period of study are shown in Table 8. 

Information in  Table 8 allows a better understanding of the drop from 20 to 4 

percent between May and August 2017 and 2018 for the shrubs/trees class in the land 

cover maps. The difference between May and August corresponds to the small shrubs 

decreasing between May and August for both 2017 and 2018. For instance, in May 2017, 
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small shrubs comprised 20%, while in August, they were 0%. The same occurred for 

May 2018, when small shrubs presented at 24.23%, whereas in August 2018, they were 

only 4.42%. For 2019, the CART classification only detected tall trees likely because it 

was the driest year during the period of study. The explanation for the decrease in the 

shrubs/trees class from May to August 2017 and 2018 is related to the fact that Planet 

scope resolution could not detect the small shrubs in August. This is because certain 

attributes of shrubs/trees perennial vegetation exhibit small inter-annual variation (e.g.  

density of plants); however, other characteristics such as flowering, fruit production, and 

more importantly, leaf cover, can vary greatly over time especially in dry years (Hardy et 

al., 2004). McClaran (2003) found that small shrubs disappear during dry periods in the 

Santa Rita Experimental Range, a similar rangeland system to the BAWR. Furthermore, 

small shrubs without leaves represent a challenge because they are difficult to see in 

imagery, and they die off quicker in a drought situation as in 2019, where the CART 

classification could not detect small shrubs, tall shrubs, or small trees. 

E. Cross-Validation of woody cover derived from UAV and PlanetScope Data 

The cross-comparison/validation between UAV and Planet Scope are shown in 

Figures 18, 19, 20, and 21. The cross-validation between UAV and Planet Scope for the 

shrubs/trees land cover class shows that Planet Scope presented higher percentage values 

of shrubs/trees than UAV for May and August 2017 and 2018. Also, sites 1, 3, and 4 

showed higher percentages of shrubs/trees in May than in August for both UAV and 

Planet Scope. These differences between May and August for both 2017 and 2018 could 

explain the decrease from about 20 to 11 % in the land cover extent for the shrubs/trees 

class (see Tables 5 and 6). Site 2 showed the opposite trend with higher percentage values 

of shrubs/trees in August than in May. In contrast, the cross-comparison between UAV 
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and Planet Scope for 2019 showed similar values for percentage of shrubs/trees class. As 

a result, there were no large differences between June and September of that year.  

The cross-comparison between UAV and Planet Scope showed that rainfall 

variability during the period of study affected the phenology of the shrubs/trees class 

because in both UAV and Planet Scope, there was a decrease in the percentage of 

shrubs/trees between May and August 2017 and 2018 that presented higher precipitation 

than June and September 2019, when the percentages of shrubs/trees were the same for 

dry and wet seasons as a result of less rainfall. 

Figure 18 presents the comparison for the validation site 1, Figure 19 shows the 

comparison for site 2, Figure 20 reveals the comparison for site 3, and Figure 21, which 

shows the comparison for the site 4. The four validation sites showed the same trend that 

reveals a decrease in the fraction cover for the UAV and CART classifications between 

May and August 2017 and 2018. In contrast, for 2019, the percent values were similar 

between June and September 2019. 

Figure 19 shows the comparison for the validation site 2. This site was the only 

one that presented an increase in the fraction cover of shrubs/trees between the dry and 

wet season for 2017, 2018, and 2019. 

Comparison/cross-validation based on UAV and Planet Scope land cover maps 

showed that Planet Scope underestimates or overestimates the fraction of woody cover. 

There were some issues for the results for land cover change in 2017 and 2018 as a result 

of these under or overestimation in the fraction of woody cover 

Tables 9, 10, and 11 show the percent of shrubs/trees cover for the validation sites 

for 2017, 2018, and 2019, respectively. Table 9 shows that sites 1, 3, and 4 presented a 
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decrease in the percent of shrubs/trees cover between May and August 2017 for both 

UAV and Planet Scope CART classifications. In contrast, there is an increase in the 

percent of shrubs/trees cover during the same timeframe for site 2. Site 4 presented the 

highest decrease of shrubs/trees percent cover for the UAV CART classification. In 

contrast, site 1 had the highest decrease for the Planet Scope CART classification. On the 

contrary, validation site 2 showed a higher increase for percent of shrubs/trees cover in 

the UAV classification than in the Planet Scope. 

  

Table 9. Cross-validation for the land cover class shrubs/trees in May and August 2017 
for sites 1, 2, 3, and 4 on the BANWR based on UAV-Planet Scope data. 

 Percent of Shrubs/ Trees Cover 

Validation 

Sites 

UAV PlanetScope 

May Aug May Aug 

Site 1 18.5 17.8 27.2 20.2 

Site 2 1.7 7.4 2.8 5.1 

Site 3 5.9 4.7 3.3 2.8 

Site 4 10.5 4.9 9.8 5.9 
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Table 10 showed the same pattern as Table 9, with a decrease in the percent of 

shrubs/trees cover for validation sites 1, 3, and 4 for both UAV and Planet Scope. In 

contrast, there was an increase in validation site 2 between May and August 2018. 

The highest decrease in the percent of shrubs/trees between May and August for 

the UAV land cover maps occurred in validation site 4. However, the highest decrease for 

Planet Scope was in validation site 1. Conversely, validation site 2 showed a higher 

increase in the UAV classification than in the Planet Scope. 

Table 10. Cross-validation for land cover class shrubs/trees in May and August, 2018 for 
sites 1, 2, 3, and 4 on the BANWR, based on UAV-Planet Scope data. 

 Percent of Shrubs/ Trees Cover 

Validation 

Sites 

UAV PlanetScope 

May Aug May Aug 

Site 1 18.5 17.8 27.9 19.6 

Site 2 1.7 7.4 3.1 5.1 

Site 3 5.9 4.7 7.3 2.5 

Site 4 10.5 4.9 10.2 6.4 
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Table 11 shows a small difference for percent of shrubs/trees cover and presents 

different trends for UAV and Planet Scope land cover maps. For example, the highest 

decrease for percent of shrubs/trees covers occurred in site 4, while for Planet Scope, the 

highest decrease was in validation site 1. Nevertheless, the validation site 2 showed the 

highest increase for both the UAV and Planet Scope. Overall, the land cover maps for 

UAV and Planet Scope in 2019 does not show a high increase or decrease in the percent 

of shrubs/trees cover. 

 

Table 11. Cross-validation for land cover class shrubs/trees in June and September 2019 
for sites 1, 2, 3, and 4 on the BANWR, based on UAV-Planet Scope data. 

 Percent of Shrubs/ Trees Cover 

Validation 

Sites 

UAV PlanetScope 

May Aug Jun Sep 

Site 1 18.5 17.8 10.3 10.1 

Site 2 1.7 7.4 0.1 2.3 

Site 3 5.9 4.7 0.6 1.0 

Site 4 10.5 4.9 2.2 2.2 
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Figure 18. UAV Planet Scope data based cross-calibration for validation site 1 in 2017, 2018, and 2019. The images show a small 
decrease in the percent of shrubs/trees for Planet Scope data-based land cover map between May and August 2017, and between 
May and August 2018. 
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Figure 19. UAV Planet Scope data based cross-validation for validation site 2 for 2017, 2018, and 2019. Red rectangles show the 
common areas between June and August drone flights. The images show a decrease in the percent of shrubs/trees between May 
and August 2017, as well as between May and August 2018. 
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Figure 20. UAV Planet Scope data based cross-validation for validation site 3 for 2017,2018, and 2019. The images show  a decrease 
in the percent of shrubs/trees between May and August 2017, and from May to August 2018. The class shrubs/trees remain almost the 
same between June and September 2019. 
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Figure 21. UAV-Planet Scope data based cross-validation for site 4 during the dry and wet season in 2017, 2018, and 2019. The 
images show a decrease in the percent of shrubs and trees between May and August 2017 as well as May and August 2018. This 
decrement is highlighted in the red squares. 
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E. CART land cover Accuracy Assessment 
   In this section, we present the accuracy assessments for May 2017 and 2018; 

June 2019; August 2017 and 2018; and September 2019. The overall accuracies for all 

the classification maps derived from PS imagery were higher than 90%.  

Table 12 shows the accuracy assessment for the May 2017 land cover map 

classification. The overall accuracy of the CART algorithm was 0.99. For the producer’s 

accuracy, the lower value was 0.999 for the Bare Soil class, and the higher value was 

1.00 for the Shrubs/Trees and Grass/Desert Vegetation classes. The user’s accuracy lower 

value was 0.999 for the Grass/Desert Vegetation class, while the higher value was 1.00 

for the Bare Soil and Shrubs/Trees classes. A total of 2052 points based on polygons 

were used for the accuracy assessment. Points distribution was 250 for Shrubs/Trees, 

1113 for Grass/ Desert Vegetation, and 689 for the Bare Soil class. 

Table 12. Confusion matrix for the land cover classification map from May 27, 2017, 
based on Planet Scope data for the BANWR. 

 Ground Reference 

Classified Category Shrubs/Trees Grass/Desert 
Vegetation 

Bare 
Soil Total 

User’s 
accuracy 
(Errors of 
Commission) 

Shrubs/Trees 250 0 0 250 1.000 

Grass/Desert 

Vegetation 
0 1112 1 1113 0.999 

Bare Soil 0 0 689 689 1.000 

Total 250 1112 690 2052  

Producer’s accuracy 

(Errors of omission) 
1.000 1.000 0.999  0.999 
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Table 13 shows that the overall accuracy for the CART algorithm was 0.99 during 

August 2017. For the producer’s accuracy, the lower value was 0.992 for the 

Shrubs/Trees class, and the higher value was 1.000 for the Bare Soil class. The user’s 

accuracy lower value was 0.996 for the Shrubs/Trees class, while the higher value was 1 

for the Bare Soil class. The accuracy assessment used a total of 2108 points. Shrubs/Trees 

class used 248 points, Grass/Desert Vegetation class used 1151 points, and Bare Soil 

class used 709 points. 

Table 13. Confusion matrix for land cover classification map from August 28, 2017, 
based on Planet Scope data for the BANWR. 

 Ground Reference 

Classified Category Shrubs/
Trees 

Grass/Desert 
Vegetation 

Bare 
Soil Total 

User’s 
accuracy 
(Errors of 
Commission) 

Shrubs/Trees 247 1 0 248 0.996 

Grass/Desert 

Vegetation 
2 1149 0 1151 0.998 

Bare Soil 0 0 709 709 1.000 

Total 249 1150 709 2108  

Producer’s accuracy 

(Errors of omission) 
0.992 0.999 1.000  0.999 
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Table 14 exhibits that the overall accuracy for the CART algorithm was 0.98 

during May 2018. For the producer’s accuracy, the lower value was 0.996 for the 

Grass/Desert vegetation class, and the higher value was 1.000 for the Shrubs/Trees class. 

The user’s accuracy lower value was 0.993 for the Bare Soil class, while the higher value 

was 1 for the Grass/Desert Vegetation class. A total of 1951 points were used for the 

accuracy assessment. Points distribution was 253 for Shrubs/Trees, 1099 for Grass/ 

Desert Vegetation, and 599 for the Bare Soil class. 

 
Table 14. Confusion matrix for land cover classification map from May 29, 2018, based 
on Planet Scope data for the BANWR. 

 

 

 

 

 

 

 

 Ground Reference 

Classified Category Shrubs/Trees Grass/Desert 
Vegetation 

Bare 
Soil Total 

User’s 
accuracy 
(Errors of 
Commission) 

Shrubs/Trees 252 0 1 253 0.996 

Grass/Desert Vegetation 0 1099 0 1099 1.000 

Bare Soil 0 4 595 599 0.993 

Total 252 1103 596 1951  

Producer’s accuracy 

(Errors of omission) 
1.00 0.996 0.998  0.997 
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Table 15 shows that the overall accuracy for the CART algorithm was 0.999 

during August 2018. For the producer’s accuracy, the lower value was 0.999 for the 

Grass/Desert Vegetation class, and the higher value was 1.000 for the Bare Soil and 

Shrubs/Trees classes. The user’s accuracy lower value was 0.998 for the Bare Soil class, 

while the higher value was 1.000 for the Shrubs/Trees and Grass/Desert Vegetation 

classes. The accuracy assessment used a total of 1808 points. Shrubs/Trees class used 244 

points, Grass/Desert Vegetation class used 1093 points, and Bare Soil class used 471 

points. 

 
Table 15. Confusion matrix for land cover classification map from August 12, 2018, 
based on Planet Scope data for the BANWR. 
 

 
Shrubs/Trees and Grass/Desert vegetation had an accuracy of 100% 

 

 Ground Reference 
Classified Category Shrubs/Trees Grass/Desert 

Vegetation 
Bare 
Soil 

Total User’s 
accuracy 
(Errors of 
Commission) 

Shrubs/Trees 244 0 0 244 1.000 
Grass/Desert Vegetation 0 1093 0 1093 1.000 
Bare Soil 0 1 470 471 0.998 
Total 244 1094 470 1808  
Producer’s accuracy 
(Errors of omission) 1.000 0.999 1.000  0.999 



 

109 

Table 16 reveals that the overall accuracy for the CART algorithm was 0.9993 

during June 2019. For the producer’s accuracy, the lower value was 0.999 for the 

Grass/Desert Vegetation class, and the higher value was 1.000 for the Bare Soil and 

Shrubs/Trees classes. The user’s accuracy lower value was 0.997 for the Shrubs/Trees 

classes, while the higher value was 1.000 for the Bare Soil and Grass/Desert Vegetation 

classes. The accuracy assessment used a total of 2962 points. Shrubs/Trees class used 732 

points, Grass/Desert Vegetation class used 1496 points, and Bare Soil class used 732 

points. 

 

Table 16. Confusion matrix for land cover classification map from June 5, 2019, based on 
Planet Scope data for the BANWR. 

 Ground Reference 

Classified Category Shrubs/Trees Grass/Desert 
Vegetation 

Bare 
Soil 

Total User’s 
accuracy 
(Errors of 

Commission) 
Shrubs/Trees 732 2 0 734 0.997 
Grass/Desert Vegetation 0 1496 0 1496 1.000 
Bare Soil 0 0 732 732 1.000 
Total 732 1498 732 2962  

Producer’s accuracy 
(Errors of omission) 1.000 0.999 1.00  0.9993 
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Table 17 shows that the overall accuracy for the CART algorithm was 0.998 

during August 2019. For the producer’s accuracy, the lower value was 0.996 for the 

Grass/Desert Vegetation class, and the higher value was 1.000 for the Bare Soil and 

Shrubs/Trees classes. The user’s accuracy lower value was 0.992 for the Shrubs/Trees 

classes, while the higher value was 1.000 for the Bare Soil and Grass/Desert Vegetation 

classes. The accuracy assessment used a total of 2487 points. Shrubs/Trees class used 732 

points, Grass/Desert Vegetation class used 1496 points, and Bare Soil class used 732 

points. 

Table 17. Confusion matrix for land cover classification map from September 3, 2019, 
based on Planet Scope data for the BANWR.  

 Ground Reference 
Classified Category Shrubs/Trees Grass/Desert 

Vegetation 
Bare 
Soil 

Total User’s 
accuracy 
(Errors of 
Commission) 

Shrubs/Trees 257 2 0 259 0.992 
Grass/Desert 
Vegetation 0 1492 0 1492 1.000 

Bare Soil 0 4 732 736 0.995 
Total 257 1498 732 2487  
Producer’s accuracy 
(Errors of omission) 1.000 0.996 1.000  0.998 

 

The validation and training sites were located in the southwestern part of the 

BANWR, and they do not represent all the vegetation types in the study area. 

Consequently, the CART results showed an overestimate of accuracy because the 

assessment used polygons of the validation sites that were not selected using stratified 

random sampling. Jensen (2015) stated that stratified random sampling may be more 

appropriate in identifying training sites to guarantee a minimum number of samples from 

each class. Thus, the validation/training sites possibly do not have enough samples to 
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represent all the classes in the entire BANWR area. Future studies in the BANWR area 

must consider having more validation sites with a stratified random distribution to have a 

better representation of all different vegetation types in the BANWR. 

Another factor that may have influenced the CART classification was the high 

variability in the rainfall distribution pattern during the period of study. In 2019, there 

was lower rainfall than in 2017 and 2018. As a result, when the landscape has drier 

conditions, some shrubs/trees species, like Krameria erecta and Atriplex canescens, 

present different green tones that sometimes turn into whitish or silver tones. These 

changes in the color tones could cause more shrubs/trees to be identified in May than in 

August than in previous years. 

F. Buffer Size  
Correlations between the buffer size upstream and downstream were calculated 

for May and August 2017 and 2018 to determine the more adequate buffer size to 

compute the metrics at patch and landscape levels. 

Correlation values showed in Figures 22 and 23 revealed that coefficient 

correlation values over 0.75 indicate a high correlation between buffer sizes. For 

upstream and downstream SWCS in May 2017 and August 2017, there is a good 

correlation between all the buffer sizes except for 30m and 500 and 1000m. Following up 

with the same trend in 2018 with May and September having the same pattern as in 2017. 

The highest correlation values for 2017 and 2018 in both May and August correspond to 

a 120m buffer size. Therefore, this buffer size will be used for posterior analysis. 

All correlations between SWCS and buffer NDVI values were positive during 

May 2017 (Figure 22A). Conversely, in August 2017, all correlations were negative 
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(Figure 22D). However, the highest correlation values with the highest p-value 

corresponded to 120 m buffer size in May 2017. In contrast, the highest correlation value 

with the highest value was represented in the 1000 m buffer size in August 2017. 
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A B 

 

C 

 

D 

 

Figure 22. Planet Scope data based correlation matrix for different buffer sizes 
upstream (u.30m) and downstream (d.30m) of the SWCS on the BANWR for May and 
August 2017. A) shows the correlation matrix for May 2017 upstream of the SWCS. B) 
reveals the correlation matrix for May 2017 downstream of the SWCS. C) displays the 
correlation matrix for August 2017 upstream of the SWCS. D) Illustrate the correlation 
matrix for August 2017 downstream of the SWCS. 
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C 

 

D 

  
Figure 23. Planet Scope data-based correlation matrix for different buffer sizes upstream 
and downstream of the SWCS on the BANWR for May and August 2018.A) shows the 
correlation matrix for May 2018 upstream of the SWCS. B) shows the correlation matrix 
for May 2018 downstream of the SWCS. C) displays the correlation matrix for August 
2018 upstream of the SWCS. D) illustrate the correlation matrix for August 2018 
downstream of the SWCS. 
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G. Landscape metrics 

1. Landscape metrics at the BANWR-level 
Landscape metrics were computed for BANWR, including two levels: class and 

landscape measurements. Classes used to compute class-level metrics were shrubs/trees, 

grass/desert vegetation, and bare soil. Class-level parameters calculated include the Mean 

of patch area (AREA_MN), Coefficient of Variation Core Area Index (CAI_CV), Core 

Area Percentage of Landscape (CPLAND), and Coefficient of Variation Patch Area 

(AREA_CV). Landscape-level metrics computed included Contagion (CONTAG), 

Number of patches (NP), Shannon's diversity index (SHDI), and Splitting index (SPLIT). 
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Table 18 revealed that the mean patch area was higher in August than in May for the shrubs/trees and grass/desert vegetation 

classes in the BANWR during August and May in both 2017 and 2018. It can be explained because the vegetation cover increases in 

the wet season. In contrast, the mean patch area decreased for the class bare soil from dry season (May) to wet season (August) in both 

2017 and 2018. In 2019, there was an increase for the class shrubs/trees from June to September, while grass/desert vegetation had a 

decrease in the mean patch area, and bare soil remains constant during the year.  

 

Table 18. Mean of patch area (AREA_MN) as hectares and percent relative change for the 
BANWR 2017-2019. AREA_MN was calculated using Planet Scope land cover maps.  

Class Level Metrics 
Mean of patch area (Area and edge metric) 

Class 
May 
2017 

ha 

Aug 
2017 

ha 

% 
Relative 
Change 

May 
2018 

ha 

Aug 
2018 

ha 

% 
Relative 
Change 

Jun 
2019 

ha 

Sept 
2019 

ha 

% 
Relative 
Change 

Shrubs/Trees 0.042 0.042 0.471 0.0317 0.071 125.8 0.031 0.063 102.8 
Grass / 
Desert 
Vegetation 

0.255 0.606 137.2 0.444 0.470 5.8 2.068 0.735 -64.4 

Bare Soil 0.006 0.004 -38.8 0.006 0.004 -33.8 0.003 0.003 0 
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Table 19 showed that the coefficient of variation of patch area (AREA_CV) had higher values in the wet season (August and 

September) than in the dry season (May and June) for 2017, 2018, and 2019 for the classes shrubs/trees and grass/desert vegetation. In 

contrast, the class bare soil had lower AREA_CV values in the wet season than in the dry season.  Besides, the class grass/desert 

vegetation had the highest AREA_CV values, while the class bare soil presented the lowest AREA_CV values. 

 

Table 19. Coefficient of Variation of Patch Area (AREA_CV) as hectares and percent relative change for each 
cover class on the BANWR 2017-2019. AREA_CV was calculated using Planet Scope land cover maps. 

 

 

 

 

 

 

 

 

 

 

Class Level Metrics 
Coefficient of Variation of the Patch Area (Area and edge metric) 

Class 
May 
2017 

ha 

Aug 
2017 

ha 

% 
Relative 
Change 

May  
2018 

ha 

Aug  
2018 

ha 

% 
Relative 
Change 

Jun 
2019 

ha 

Sep 
2019 

ha 

% 
Relative 
Change 

Shrubs/Trees 6030 6750 11.93 1580 10138 538.18 2880 8245 185.87 
Grass / 
Desert 
Vegetation 

28220 2170 -23.05 25500 22869 -10.52 13110 19720 50.36 

Bare Soil 2820 1920 -31.90 3850 2347 -39.05 1760 1760 0 
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Table 20 revealed that the core area percentage of landscape (CAPLA) increased for the grass/desert vegetation from May to 

August in 2017 and 2018. On the contrary, CAPLA decreased for the shrubs/trees and bare soil classes. However, in 2019, the trend 

was the opposite, with an increase for the shrubs/trees class and a decrease for the grass/desert vegetation while the bare soil class 

remains with the same value in the wet and dry season. 

 

Table 20. Core Area Percentage of Landscape (CPLAND) as percent and percent of relative change for each 
cover class on the BANWR 2017-2019. CPLAND was obtained using Planet Scope land cover maps. 

 

     

 

 

 

 

 

 

Class Level Metrics 
Core Area Percentage of Landscape (Core Area Metric) 

Class 
May 
2017 

% 

Aug 
2017 

% 

Relative 
Change 

% 

May 
2018 

% 

Aug 
2018 

% 

Relative 
Change 

% 

Jun 
2019 

% 

Sep 
2019 

% 

Relative 
Change 

% 
Shrubs/Trees 6.8 5.43 -20.1 1.3 11.1 754.6 3.61 11.21 210.5 
Grass / 
Desert 
Vegetation 

39 55.86 43.2 45.8 51.73 12.9 77.81 64.74 -16.7 

Bare Soil 2.6 1.27 -51.1 3.15 1.34 -57.4 0.40 0.40 0 
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Table 21 presented that the coefficient of variation core area index (CAI_CV) decreased for the shrubs/trees and grass/desert 

vegetation classes from the dry to wet seasons. The shrubs/trees class had a negative relative change of -2.1%, -6.7%, and -12.7% for 

2017, 2018, and 2019 respectively. The grass/desert vegetation showed negative relative changes of -26.95, -47.17, and -15.62 for the 

same timeframe. In contrast, CAI_CV had positive relative changes for the bare soil class from the dry to wet season in 2017 and 

2018, with values of 19.41% and 12.55% while remaining constant in 2019. 

 

Table 21. Coefficient of Variation Core Area Index (CAI_CV) as percent and percent relative 
change for each cover class on the BANWR 2017-2019. CAI_CV was calculated using Planet 
Scope land cover maps. 

Class 

Class Level Metrics 
Coefficient of Variation Core Area Index (Core Area Metric) 

May 
2017 

% 

Aug 
2017 

% 

Relative 
Change 

% 

May 
201
% 

Aug 
2018 

% 

Relative 
Change 

% 

Jun 
2019 

% 

Sep 
2019 

% 

 Relative 
Change 

% 
Shrubs/Trees 158.4 155.0 -2.1 163.0 152.0 -6.7 169.6 147.9 -12.7 

Grass/Desert 

Vegetation 
403.1 294.5 -26.9 547.2 289.0 -47.1 220.2 185.8 -15.6 

Bare Soil 391.7 467.7 19.4 399.1 449.2 12.5 438.2 438.2 0 
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Table 22 illustrates the following landscape-level metrics: contagion, number of patches, Shannon’s diversity index, and 

splitting index. Contagion is an aggregation metric that is based on cell adjacencies and describes the probability of two random cells 

belonging to the same class. Table 22 shows that contagion relative change was greater from August to May in 2017, with a relative 

difference of 35.9%. In contrast, contagion relative change decreased from May to August 2018 and from June to September 2019, 

with percent relative changes of -5.2 and -18.6, respectively. The number of patches (NP) is one metric that describes landscape 

fragmentation. However, NP does not contain information related to the landscape configuration of composition. Table 22 shows that 

NP relative change decreased from May to August 2017 and 2018, but NP relative change increased from June to September 2019. 

The number of patches (NP) relative change decrease in 2017 and 2018 is associated with a lower landscape fragmentation due to 

more vegetation cover. On the other hand, NP metrics increase in 2019 is related to lower vegetation cover during that year, which 

results in larger fragmentation. 

Shannon's diversity index (SHDI) is an index that is not affected by the patches' spatial configuration (McGarigal, 2015).  The 

SHDI is used to compare different landscapes or the same landscape at different times. The SHDI showed an increase in the relative 

change from the dry to the wet season in 2018 and 2019, but SHDI had decreased from May to August in 2017. SHDI highest value was 

0.83 in May 2017, while the lowest value corresponds to June 2019 with a 0.41 value. 

Splitting index (SPLIT) is the number of patches considering that all patches of class i would be divided into the same patch size 

that results in the comparable landscape division (McGarigal, 2015). The SPLIT revealed an increase from the dry to the wet season in 
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2017, 2018, and 2019. The most significant SPLIT relative change occurred from May to August 2017, with a value change from 0.83 

to 1.84, which represent a 122.18%. 

Class-level landscape metrics exhibited the most significant differences between wet and dry season in 2017. Conversely, the 

smallest differences between seasons occurred in 2019. 

Table 22. Landscape Level Metrics on the BANWR 2017-2019. The metrics were obtained using Planet 
Scope land cover maps based 

 
 

 

 

 

 

 

 

 

Landscape Level Metrics 

Metric May 
2017 

Aug 
2017 

Relative 
Change 

% 

May 
2018 

Aug 
2018 

Relative 
Change 

% 

Jun 
2019 

Sep 
2019 

Relative 
Change 

% 
Contagion 36.70 49.90 35.9 48.24 45.70 -5.2 70.18 57.13 -18.6 

Number 
of patches 1464351 1328476 -9.2 1426997 1196660 -16.1 611185 662654 8.4 

Shannon’s 
Diversity 
Index 

0.83 0.66 -19.5 0.63 0.76 20.3 0.41 0.628541 50.6 

Splitting 
Index 0.83 1.84 122.1 1.88 2.29 21.4 1.30 1.84 40.8 
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2. Landscape metric at the structures-level 
Landscape-level metrics revealed clear differences between wet and dry season, 

except for 2019. For example, the number of patches was higher in May and June than 

in August and September for the study period. Also, landscape-level metrics showed that 

BANWR presented a lower landscape fragmentation in 2017 and 2018. Conversely, in 

2019, there was an increase in landscape fragmentation. 

Class-level landscape metrics exhibited the most significant differences between 

the wet and dry seasons in 2017. Conversely, the smallest differences between seasons 

occurred in 2019. These metrics results demonstrate that SWCS's effects are more 

evident during the wet season because some of these SWCS are designed to preserve 

water, i.e., water spreaders, which increases the vegetation cover close to the SWCS. 

Following the same pattern as class-level, the landscape-level metrics revealed 

marked differences between the wet and dry seasons, except for 2019. For example, the 

number of patches was more significant in May and June than in August for the study 

period. Landscape-level metrics also showed that BANWR presented a lower landscape 

fragmentation in 2017 and 2018. Conversely, there was an increase in landscape 

fragmentation in 2019. 

Figure 24 shows that the mean patch area (A) had the highest values for SWCS 

located in the upland and the flood plain during August 2017, while this metric presented 

the lowest values for both locations in August 2019. The coefficient of variation of patch 

area (B) showed the highest values in the flood plain than in the upland during 2017, 

2018, and 2019. The core area percentage (C) presented higher values in the flood plain 

than in the upland for all the study periods, except June 2019, which showed the opposite. 
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The coefficient of variation of core area index (D) had higher values in the upland than in 

the flood plain. 

Figure 25 shows that the number of patches (A) had higher values in the upland 

than in the floodplain, which means there is higher fragmentation in the upland than in 

the floodplain. Splitting index (D) presented the same pattern as NP with higher values in 

the upland than in the flood plain. In contrast, contagion (B) had higher values in the 

flood plain than in the upland. Shannon’s diversity index (C) showed higher values in the 

upland than in the flood plain for the wet season (August and September), while SHDI 

had higher values in the flood plain than in the upland in the dry season. 
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Figure 24. Landscape Class level metrics calculated from Planet Scope land cover maps for the dry and wet seasons at the 
BANWR 2017-2019. Metrics include A) Mean Patch Area, B) CV Patch Area, C) Core Area Percentage, and D) CV Core 
Area Index in the Upland and Floodplain. 
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Figure 25. Landscape Level metrics class obtained from Planet Scope land cover maps for the dry and wet seasons at the 
BANWR 2017-2019. Metrics include A) Number of Patches, B) Contagion, C) Shannon’s Diversity Index, and D) Splitting 
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3. Landscape metrics BANWR vs. SWCS 

Landscape metrics have been applied to remotely sense images to quantify spatial 

patterns of land cover and relate them to ecological processes (McGarigal & Marks, 

1995). Landscape metrics identify patches of spatial patterns on the landscape such as 

measures of fragmentation, density, clumping, asymmetry, core-area, and compactness 

(Frohn, 2006). Kumar et al. (2018) found that landscape and class level metrics 

contributed to confirmed watershed fragmentation in India. 

One of the goals of this research was to determine if the fragmentation level was 

the same at BANWR and SWCS levels using landscape metrics with a 100 m buffer 

upstream and downstream for the upland and floodplain SWCS in the dry and wet season 

for 2017, 2018, and 2019. Landscape metrics like mean patch area, the core area 

percentage of landscape, and the number of patches based on land cover types 

contributed to identifying the fragmentation in the entire BANWR and SWCS areas. 

The landscape fragmentation analysis showed the inter-annual and seasonal 

changes in the BANWR. The landscape metrics-based analysis of three years (2017, 

2018, 2019) for wet and dry seasons provided information related to class and landscape 

level metrics patterns at BANWR and SWCS levels. Changes in fragmentation using 

landscape metrics for three years in the wet and dry seasons may be insufficient to 

account for the SWCS impacts on the remotely sensed vegetation cover in the BANWR. 

However, these changes provided a preliminary overview about the SWCS effects on 

vegetation cover using fine resolution imagery from PlanetScope and UAV flights. 

The class and landscape level metrics results showed higher fragmentation in the 

BANWR compared to the SWCS level. The fragmentation results obtained through the 
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landscape metrics enabled us to determine the importance of providing maintenance to 

the SWCS. This is because these areas have a higher mean patch area and a lower 

coefficient of variation of patch area for the grass/desert vegetation and shrubs/trees that 

can be used as habitat for wildlife. There was a higher fragmentation in the BANWR than 

in the SWCS areas because there was more soil moisture variability across the BANWR 

than around the SWCS. One of the reasons the structures were put in place was to 

increase soil moisture. Thus, there was less variability in the patch area and a higher 

mean patch area close to the SWCS.  

BANWR’s class and landscape-level metrics were compared to SWCS to 

determine landscape fragmentation and the effect of the SWCS over land cover 

vegetation. The differences in extent between the SWCS and the BANWR represent a 

problem related to the lack of comparability of the resulting index values obtained for 

these levels. Consequently, it was necessary to normalize the metrics for the class-level 

and landscape level. To normalize data, the metric values were ordered from smaller to 

larger in both SWCS and BANWR levels. Then each value for the different seasons from 

2017 to 2019 was divided by the largest value in each level to get values between 0 and 

1. 

The mean of patch area (AREA_MN) describes the entire landscape using a 

measure of central tendency that is the average of patch characteristics (McGarigal, 

2015). The limitations of the AREA_MN is that it does not describe the landscape 

condition because the landscape structure is patch centric. Figure 26 revealed that 

AREA_MN was higher at SWCS than in the BANWR level in both dry at wet seasons 
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for the grass/desert vegetation class. These results can be due to at SWCS level; there is 

more water available and, consequently, more vegetation cover. 

Figure 26 revealed that the Mean Patch Area (AREA_MN) values were higher in D) 

August 2017 and E) August 2018 than in A) May 2017 and B) May 218. In contrast,  

AREA_MN was higher in C) June 2019 than in F) September 2019 for both BANWR 

and soil and water conservation structures (SWCS).  

The grass/desert vegetation class presented the AREA_MN with the highest 

values in both dry (May and June) and wet (August and September) seasons. This class 

showed an increase from May 2017 to August 2019 in both levels BANWR and SWCS 

during the wet season. On the contrary, the AREA_MN for the wet season at the 

BANWR remains almost the same during the period of study. The SWCS showed a small 

increase in the AREA_MN from May (Figure 26A and B) to August (Figure 26D and E) 

2017 and 2018, but it had a decrease from June (Figure 26C) to September (Figure 26F) 

2019. 

The bare soil class showed a decrease in the AREA_MN for both BANWR and 

SWCS in the dry and wet season from 2017-2019. The decrease in the bare soil class was 

more evident from May (Figure 26A and B) to August (Figure 26D and E) 2017 and 

2018 than from June to September 2019, where the AREA_MN remains almost with the 

same values. The dry season presented higher values for the bare soil than the wet season.  

The AREA_MN for the shrubs/trees class presented an increase from the dry to 

the wet season for the 2017-2019-time frame in both BANWR and SWCS. 

The coefficient of variation of patch area (AREA_CV) is a complementary metric 

to the AREA_MN because sometimes there are landscape with the same AREA_MN and 
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patch density, but with different AREA_CV values (McGarigal, 2015). The higher values 

in AREA_CV are associated with significant variability and less uniformity in the pattern 

at the class level.  Figure 27 exhibited that AREA_CV values were higher in the dry than 

in the wet season. It can be explained because, in the wet season, there is more vegetation 

cover and thus fewer patches and lower variation in the AREA_CV values.  

Figure 27 presents the Coefficient of Variation of Patch Area (AREA_CV) 

showed higher variations for the AREA_CV of the grass/desert vegetation class in May 

2017 (Figure 27A) and May (Figure 27B) 2018 than in August 2017(Figure 27D) and 

2018 (Figure 27E). However, this class has similar AREA_CV values in June (Figure 

27C) and September 2019 (Figure 27F).  

The shrubs/trees class showed higher AREA_CV values for the SWCS than 

BANWR in the dry and wet seasons. The AREA_CV presented an increase from the dry 

to wet season between May (Figure 27A) and August 2017 (Figure 27D) as well as June 

(Figure 27C) and September (Figure 27F) 2019. On the contrary, the AREA_CV 

exhibited a decrease from the dry to the wet season between May and August 2017. 

The bare soil class showed higher variations in AREA_CV values from May to 

August 2018 and from June (Figure 27C) to September 2019(Figure 27F) in both 

BANWR and SWCS levels. In contrast, the class revealed similar values for SWCS but a 

decrease in the AREA_CV for the BANWR level. 

The grass/desert vegetation showed the highest AREA_CV values for both dry 

and wet season. It can be related to the grass/desert vegetation extent, which presents the 

largest extent between the classes. 
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The bare soil class exhibited the lowest AREA_CV values with the lowest as a 

result that the extent for this class is the smallest. 

The AREA_CV values showed a decrease from the dry to the wet season for the 

grass/desert vegetation and bare soil class at both SWCS and BANWR levels. 

Conversely, the shrubs/trees class presented the same trend in 2017, but in 2018 there 

was an increase of the AREA_CV from the dry to the wet season at both SWCS and 

BANWR levels. Finally, in 2019, the shrubs/trees class showed an increase of the 

AREA_CV at BANWR, but a decrease in the SWCS levels from the dry to the wet 

season. 

The Core Area Percentage of Landscape (CPLAND) is the sum of the core areas 

of each patch for each class divided by the total landscape area. The CPLAND is 

expressed as a percentage. The CPLAND approaches 100 when there is one single patch 

in the entire landscape, while it approaches zero when there are more small patches 

(McGarigal, 2015). 

Figure 28 displays the Core Area Percentage of Landscape (CPLAND), which 

had higher values for the class bare soil at SWCS than in the BANWR level in the wet 

season, which included August 2017 and 2018 (Figure 28D and E) and September 2019 

(Figure 28F). The class grass desert vegetation presented the same trend but only in 

August 2017 (Figure 28D) and May 2018 (Figure 28E), whereas in September 2019, the 

CPLAND was higher at BAWNR than in the SWCS level. The class shrubs/trees had 

higher CPLAND values at BANWR than in the SWCS level in August 2017 (Figure 

28D) and 2018 (Figure 28E) but similar CPLAND values in both BANWR and SWCS 

levels in September 2019(Figure 28F). 
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In the dry season, the CPLAND values for the bare soil were higher in May 

2018(Figure 28B) at BANWR than at the SWCS level. In contrast, CPLAND values were 

higher at SWCS than in the BANWR level in May 2017 (Figure 28A) and June (2019).  

The grass/desert vegetation class presented higher CPLAND values at SWCS than 

in the BANWR level in May 2017 (Figure 28A) and 2018 (Figure 28B). On the contrary, 

this class had the opposite trend in June 2019(Figure 28C) with higher CPLAND values 

at BANWR than at the SWCS level. 

The shrubs/trees class exhibited higher CPLAND values at SWCS than in the 

BAWNR for May 2018 (Figure 28B) and June 2019(Figure 28C). Conversely, the 

CPLAN values were higher at BANWR than at the SWCS level in May 2017 (A). 

The Coefficient of Variation of Core Area Index (CAI_CV) is equal to zero is that 

the core area index is equal for all patches. Conversely, CAI_CV increases without limit 

as the core area index variation increases (McGarigal, 2015). 

Figure 29 represents the Coefficient of Variation of Core Area Index (CAI_CV). 

In the wet season (Figure 29A, B, and C), the CAI_CV values were higher at SWCS than 

in the BANWR level for the classes bare soil and grass/desert vegetation classes. 

Conversely, the shrubs/trees class exhibited similar CAI_CV values in May 2017 and 

2018 as well as June 2019. 

 In the dry season, the CAI_CV values were higher at SWCS than in the BANWR 

level for the grass/desert vegetation. On the contrary, the CAI_CV values were 

comparable for the classes bare soil and shrubs/trees at SWCS and BANWR levels for 

May 2017 (Figure 29D) and 2018 (Figure 29E) and June 2019 (Figure 29F). 
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The CAI_CV values were higher in the wet season (Figure 29 25E, and 25F) than 

in the dry season (Figure 29A, 25B, and 25C) for the grass/desert vegetation at both 

SWCS and BANWR levels. In contrast, the bare soil and shrubs/trees class presented 

equivalent CAI_CV values at both SWCS and BANWR levels. 

Figure 30 present the Landscape-level metrics as follow A) Number of Patches, 

B) Contagion, C) Shannon’s Diversity Index, and D) Splitting Index.  

The number of patches (NP) is a measure of landscape configuration that 

compares over time the same landscape or landscape with similar characteristics and size. 

The landscape extent and the spatial scale are closely related to the NP (Fichera et 

al.,2012).  

The number of patches (Figure 30A) decreased from dry to the wet seasons in 

2017 and 2018. The SWCS exhibited a higher NP than the BANWR level in this 

timeframe. Conversely, the NP increased from the dry to the wet season in 2019 for both 

BANWR and SWCS levels. The highest NP for the dry season and wet seasons occurred 

in 2017, while the lowest NP was in 2017 and 2019, respectively. 

The Contagion (CONTAG) measure landscape configuration and texture. The 

CONTAG denotes the spatially aggregated classes and quantifies the spatial pattern 

differences between landscapes (Fichera et al.,2012).  

The Contagion (Figure 30B) showed higher values for the SWCS than the 

BANWR level in both wet and dry seasons. The highest values for CONTAG in the dry 

season were in 2019, whereas the lowest occurred in 2017 for both SWCS and BANWR 

levels. For the wet season, the highest CONTAG values were in 2019, while the lowest 

values were in 2018. 
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The Shannon’s Diversity Index (SHDI) quantifies landscape composition at the 

landscape level, and it is not affected by the patches’ spatial configuration. The 

importance of the SHDI lies that it is used for comparing the same or different landscapes 

at different timeframes (McGarigal, 2015). 

The Shannon’s Diversity Index (Figure 30C) presented higher values in the 

SWCS than in the BANWR level for both wet and dry seasons. For the dry season, 2017 

comprises the highest values for SHDI, while 2019 contained the lowest values for both 

SWCS and BANWR levels. In the wet season, 2018 presented the highest SHDI values, 

whereas 2019 had the lowest values. The SHDI presented different trends between May 

2017 and September 2019. There was an increase in the SHDI values from the dry to wet 

season in 2017. However, there was an increase in the SHDI values from May to August 

2018 as well as from June to September 2019. 

The Splitting Index (Figure 30D) revealed higher values in May 2017 and June 

2019 at the BANWR than in the SWCS level. Conversely, in May 2018, the SPLIT 

values were higher at SWCS than in the BANWR level. For the wet season, the SPLIT 

values were higher at SWCS than in the BANWR level in August 2018 and September 

2019. On the contrary, the SPLIT values were higher at the BANWR than in the SWCS 

in August 2017. 

Comparison of Landscape metrics between the BANWR and the SWCS showed a 

higher NP at the SWCS than in the BANWR in the 2017-2019 wet seasons as well as in 

the dry season in June 2019. In contrast, there were comparable NP values in the dry 

season for 2017 and 2018 (Figure 30A). 
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The Contagion (Figure 30B) and the Shannon’s Diversity Index (Figure 30C) 

exhibited the same trend as in the NP, with higher values for the SWCS than in the 

BANWR in both dry and wet seasons. 

The Splitting Index (Figure 30D) revealed higher values at the BANWR than in 

the SWCS level for 2017 and 2019 dry seasons as well the 2017 wet season. In contrast, 

the SPLIT values were higher at the SWCS than in the BANWR level in the 2018 dry 

season and the 2018 and 2019 wet seasons. 
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Figure 26. Mean Patch Area class-level metric calculated using Planet Scope land cover maps. The metric is displayed in A) 
that represents May 2017, B) denotes May 2018, C) shows June 2019, D) represents August 2017, E) reveals August 2018, and 
F) present September 2019. All the metrics were normalized between 0 to 1, using the ratio between the highest value and each 
element in both BANWR and SWCS.  
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Figure 27. Coefficient of Variation of Patch Area class-level metric obtained using Planet Scope land cover. The metric is 
displayed in A) that represents May 2017, B) denotes May 2018, C) shows June 2019, D) represents August 2017, E) 
reveals August 2018, and F) present September 2019. All the metrics were normalized between 0 to 1, using the ratio 
between the highest value and each element in both BANWR and SWCS. 
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Figure 28. Core Area Percentage of Landscape class-level metric calculated using Planet Scope land cover maps. The metric is 
displayed in A) that represents May 2017, B) denotes May 2018, C) shows June 2019, D) represents August 2017, E) reveals 
August 2018, and F) present September 2019. All the metrics were normalized between 0 to 1, using the ratio between the 
highest value and each element in both BANWR and SWCS. 
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Figure 29. Coefficient of Variation Core Area Index class-level metric obtained using Planet Scope land cover maps. The metric is 
displayed in A) that represents May 2017, B) denotes May 2018, C) shows June 2019, D) represents August 2017, E) reveals August 
2018, and F) present September 2019. All the metrics were normalized between 0 to 1, using the ratio between the highest value and 
each element in both BANWR and SWCS. 
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Figure 30. Landscape Level metrics obtained from Planet Scope land cover maps for the BANWR dry and wet seasons 2017-2019. 
The Landscape-level metrics are shown as follows A) Number of patches, B) Contagion, C) Shannon’s Diversity Index, and D) 
Splitting Index. All the metrics were normalized between 0 to 1, using the ratio between the highest value and each element in both 
BANWR and SWCS. 
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4. Landscape metrics comparing Soil and Water Conservation Structures 

Intact vs. Failed 

Landscape metrics were computed to compare intact and failed soil and water 

conservation structures. Figures 31 and 32 show the class-level metrics for floodplain and 

floodplain SWCS.  

 The class-level metrics (Mean Patch area, CV Patch Area, Core Area Percentage, 

and CV of Core Area Index) presented more patchiness in the intact than failed 

structures. This trend was more noticeable in the SWCS located in the floodplain than in 

the upland. The amount of rainfall affects the class-level metrics; in 2019 that presented 

the lowest rainfall, the values were higher for AREA_MN in the dry and wet season for 

the failed than for intact structures. Consequently, the lower Mean Patch Area and high 

CV Patch area are associated with more patchiness for the intact than for the failed 

structures in both floodplain and upland. 

Figure 31 reveals that the Mean Patch Area (AREA_MN) presented higher values 

for failed than intact SWCS located in the floodplain for all the dry and wet seasons 

during the period of study. In contrast, Figure 32 presented the same trend. However, the 

difference between intact and failed SWCS is smaller for those located in the upland. 

Also, in June 2019, the AREA_MN is higher for intact than failed SWCS.  

 Figure 31 illustrates that the Coefficient of Variation of Patch Area (CV Patch 

Area) presented higher values for intact than failed structures in the flood plain for dry 

and wet seasons in 2017 and 2018. Nevertheless, the CV Patch Area was higher in the 

failed than intact SWCS in May 2017 and August 2017. In contrast, Figure 32 reveals 



 

141 

that CV Patch Area had higher values for intact than failed SWCS for the dry and wet 

seasons in 2017,2018, and 2019. 

 The Core Area Percentage (CPLAND) presented higher values for intact than 

failed SWCS in both floodplain and upland during the dry and wet seasons for 

2017,2018, and 2019 (Figures 31 and 32). 

Figure 31 revealed that the Coefficient of Variation of Core Area Index 

(CAI_CV) showed higher values for intact than failed SWCS located in the floodplain for 

May 2017 and 2018. On the contrary, the values were similar for both intact and failed 

SWCS in June 2019, August 2017, and 2018, as well as September 2019.  

Figure 32 shows that CAI_CV had higher values for the failure than intact SWCS 

located in the upland in May 2017 and 2018. However, the values were higher for intact 

than failed SWCS in August 2017, and similar values for June 2019, August 2017, and 

September 2019. 

Figures 33 and 34 display the landscape-level metrics for the floodplain and upland 

SWCS. The landscape-level metrics (Number of Patches, Shannon’s Diversity Index, and 

Splitting Index) presented higher values for the intact than failed SWCS for both 

locations floodplain and upland. 

Figure 33 illustrates that landscape-level metrics Number of Patches, Shannon’s 

Diversity Index, and Splitting Index showed higher values in the intact than failed SWCS 

located in the floodplain. In contrast, the Contagion presented higher values for failed 

than intact SWCS for all the wet and dry seasons in 2017,2018, and 2019. 

Figure 34 reveals that the Number of Patches and Splitting Index had higher values 

for intact than failed SWCS located in the upland. Contagion showed similar values in 
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the dry season but higher values for failed than intact SWCS in the wet season in 

2017,2018, and 2019. The values for Shannon’s Diversity Index (SHDI) were similar for 

intact and failed SWCS. The exceptions were June 2019 and August 2017 that presented 

higher SHDI values for failed than intact SWCS located in the upland. 
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Figure 31. Class-level metrics obtained from Planet Scope land cover maps for intact and failed SWCS on the BANWR in the flood 
plain for the dry (May 2017, May 2018, and June 2019) and wet (August 2017, August 2018, September 2019) seasons.
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Figure 32. Class-level metrics calculated using Planet Scope land cover maps for intact and failed SWCS on the BANWR in the 
upland for the dry (May 2017, May 2018, and June 2019) and wet (August 2017, August 2018, September 2019) seasons.
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Figure 33. Landscape level metrics obtained from Planet Scope land cover maps for intact and failed SWCS on the BANWR in the 
flood plain for the dry (May 2017, May 2018, and June 2019) and wet (August 2017, August 2018, September 2019) seasons.
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Figure 34. Landscape-level metrics calculated using Planet Scope land cover maps for intact and failed SWCS on the BANWR in the 
upland for the dry (May 2017, May 2018, and June 2019) and wet (August 2017, August 2018, September 2019) seasons. 
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H. Statistical Analysis for NDVI values in the Flood Plain and Upland SWCS.   

1. Boxplots and t-test for NDVI Flood Plain and Upland SWCS NDVI values 
Before conducting the statistical analysis, the extracted NDVI values were plotted 

using boxplots to visualize differences between SWCS located upland or in a flood plain. 

Figures 35, 36, and 37show the boxplots for August 2017, August 2018, and August 

2019, respectively for different buffers sizes downstream (d.30m, d.60m, d.90m, 

d.120m,d.500m, and d.1000m) and upstream (u.30m, u.60m, u.90m, u.120m,u.500m, and 

u.1000m) of the SWCS. Also, Figures 38, 39, and 40 show the boxplot for May 2017, 

May 2018, and Jun 2019, respectively. 

To assess the water and soil conservation structures’ effects on vegetation cover 

for wet and dry seasons in the BANWR, I calculated the NDVI using high-resolution 

PlanetScope and UAV imagery. The research question addressed was as follows: Do 

structure buffers located in flood plains have higher NDVI values than buffers in the 

uplands? The hypothesis was that NDVI values are higher among floodplain SWCS than 

upland SWCS. I confirmed the hypothesis, for the results showed that NDVI mean values 

for all structure types were higher in the flood plains than in the uplands during the wet 

seasons because there is more water available that increases soil moisture for plants; 

therefore, more photosynthetic activity can be detected by the sensor as greenness. 

However, the result for the dry seasons showed that only the mean values for water 

spreaders SWCS showed NDVI higher values in the flood plains than in the uplands. 

 The results confirm findings by Sayre (2002) related to the alluvial floodplains in 

the BANWR being the most productive grasslands covered by Johnson (Sorghum 

halepense) and Sacaton (Sporobolus wrightii) grasses. Furthermore, in August 2017 
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(Figure 35), water spreaders had the highest mean differences between flood plains and 

uplands due to earthen water spreaders contributing to runoff retention that improved 

vegetative cover in the floodplains (Nichols et al., 2017). In contrast, other structures, like 

water control and rock gabions, exhibited the lowest differences in the mean NDVI 

values because they were breached or flanked, which caused erosion and lower 

infiltration. As a result, there was no water available for the local vegetation. These 

differences in NDVI between flood plains and uplands exist because there was more 

runoff toward the floodplains, and therefore, more soil moisture for the plants. August 

2018 (Figure 36) shows the same trends as August 2017; the only difference is that dikes 

revealed the opposite pattern, with higher NDVI values for the upland SWCS than the 

flood plain SWCS.  

It is an important highlight that the effect of the SWCS on the vegetation 

measured using the NDVI is marked only for the water spreaders SWCS in both the dry 

and wet seasons. Conversely, the same effect is noticeable for all SWCS types during the 

wet seasons. 

These results are similar to Norman et al. (2014), who studied the gabions effects 

on vegetation greenness; they discovered that NDVI has a relationship with an increase in 

green-up for the sites where the gabions were installed. A study conducted by van 

Leeuwen et al. (2010b) found that desert communities showed seasonal peaks in NDVI, 

which confirms our findings related to higher NDVI values in the floodplains during the 

wet seasons. 

The main effect of the SWCS on the remotely sensed vegetation cover occurred 

when the rainfall was present in amounts that generate runoff that can be trapped by the 
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SWCS located in the floodplain, mainly spread waters. In years with scarce precipitation, 

such as 2019, there was no significant difference between upland and floodplain SWCS. 

In arid regions like the southwestern U.S., where the BANWR is located, it is 

essential to maintain SWCS to preserve soil moisture that can be used for vegetation. As 

a result, there would be more vegetation cover that reduces runoff speed and increases the 

infiltration in the areas closest to the SWCS. 

In August 2019 (Figure 37), the exception was that structures (water control and 

rock gabions) had higher NDVI values in the uplands than in the flood plains. From all 

the structure types (dams, dikes, structures, and water spreaders), only dams and water 

spreaders maintained the same trend from 2017 to 2019, with higher NDVI values for the 

flood plain SWCS than upland SWCS.  

Figures 38, 39, and 40 show the boxplot for May 2017, May 2018, and Jun 2019, 

respectively. It can be observed that mean values for water spreaders showed NDVI 

higher values in the flood plains than in the uplands.  

The t-test results revealed that there are no significant differences between 

floodplain and upland SWCS for dams, dikes, and structures (water control and rock 

gabions), which is symbolized with the blue legend ns in the upper part of each box plot.  

Conversely, t-test results showed significant differences between floodplain and 

upland for water spreaders (blue asterisks). However, these differences are higher during 

August 2017 and August 2018. In August 2019, the differences between the flood plain 

and upland SWCS were significant but not for all buffer sizes.
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Figure 35. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d.100m) and upstream (u.30m to 
u.1000m) buffers sizes on the BANWR in August 2017. The SWCS are presented as A) dams, B) dikes, C) structures (water 
control and rock gabions), or D) water spreaders. The NDVI values were higher in the flood plains than in the uplands for all 
the SWCS. The water spreaders showed significant differences between floodplain and upland SWCS (blue asterisks), 
whereas the other SWCS do not have significant differences (ns in blue). The asterisks in red represent the outlier values. 
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Figure 36. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d.100m) and upstream (u.30m to u.1000m) 
buffers sizes on the BANWR in August 2018. The SWCS are presented as A) dams, B) dikes, C) structures (water control and rock 
gabions), or D) water spreaders. The SWCS in the flood plains had higher NDVI values than SWCS in the uplands. The exception 
was the B) dikes, which had the opposite trend. The t-test results showed that D) water spreaders presented significant differences 
between floodplain and upland (blue asterisks); however, the other SWCS do not have significant differences (ns in blue). The outlier 
NDVI values are represented as red asterisks. 
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Figure 37. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d.100m) and upstream (u.30m to 
u.1000m) buffers sizes on the BANWR in September 2019. The SWCS are presented as A) dams, B) dikes, C) structures 
(water control and rock gabions), or D) water spreaders. All the SWCS had higher NDVI values in the uplands than in the 
flood plain. The exception was C) the water control and rock gabions, which showed the opposite trend. The t-test results 
revealed that D) water spreader presented significant differences in all buffer sizes (blue asterisks), except downstream 30 
and 500m, as well as upstream 60m which presented no significant differences. The red asterisk represents the NDVI outlier 

l  
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Figure 38. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d.100m) and upstream (u.30m 
to u.1000m) buffers sizes on the BANWR in May 2017. The SWCS are presented as A) dams, B) dikes, C) Structures 
(water control and rock gabions), or D) water spreaders. The SWCS do not show significant differences in the NDVI 
values between the flood plain and upland SWCS. The test results exhibited significant differences in D) water spreaders 
(blue asterisk) but only in the downstream SWCS for 30, 120, 500, and 1000 m buffer sizes. All the other buffer sizes for 
the water spreaders do not present significant differences (ns in blue). The NDVI outliers values are represented by red 

t i k 



 

154 

 

Figure 39. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d100m) and upstream (u.30m to 
u.1000m) buffers sizes on the BANWR in May 2017. The SWCS are presented as A) dams, B) dikes, C) structures (water 
control and rock gabions), and D) water spreaders. The Floodplain showed similar NDVI values to upland SWCS. The A) 
dams presented the highest number of the outlier NDVI values, displayed in red asterisks. The test results exhibited 
significant differences in D) water spreaders but only in the downstream for 30, 90,120, and 500, and in the upstream for 30, 
90, and 500 m buffer sizes. All the other SCWS do not present significant differences in the NDVI values between flood 
plain and upland. 
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Figure 40. Planet Scope NDVI values for the SWCS with different downstream (d.30m to d100m) and upstream (u.30m to 
u.1000m) buffers sizes on the BANWR in June 2019. The SWCS are presented as A) dams, B) dikes, C) Structures (water 
control and rock gabions), and D) water spreaders. The floodplain and upland SWCS showed similar NDVI values. The 
exception was B) dikes, where the NDVI values are higher in the uplands than in the flood plains SWCS. The A) dams and 
D) water spreaders showed a high number of outlier values, observed in red asterisks. The test results revealed that D) water 
spreaders showed significant differences for downstream in 30 and 120 m buffer size as well as upstream 500m. All the 
other buffer sizes for water spreaders as well as the other SWCS do not presented significant differences between flood 
plain and upland for the NDVI values (ns in blue). 
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The statistical analysis was conducted to determine the differences between the 

flood plain and upland SWCS. A t-test was computed using R for SWCS located in the 

flood plains and uplands for both downstream from and upstream of a structure’s 

location. The statistical analysis calculated the t-test for downstream and upstream 

buffers of 30, 60, 90, 120, 500, and 1000 meters at three time periods: May and August 

2017, May and August 2018, and June and September 2019. 

 A two sample-test was calculated to compare the means for flood plain and 

upland SWCS. The null hypothesis (Ho) for the t-test is μd = 0. It assumes the means are 

equal. Conversely, the two-tailed alternative hypothesis (H1) assumes that μd is not equal 

to zero.  Looking at the p-values, it is possible to determine the statistical significance. 

The lower the p-value, the lower the probability to obtain a result like the one observed in 

the null hypothesis, and therefore the Ho must be rejected. The results for the t-tests are 

shown in Tables 23 to 28. 

The t-test statistics showed that differences between the flood plain and upland 

SWCS are more significant during the wet season (August and September) than in the dry 

season (May and June). T-tests presented differences between the floodplain and upland 

SWCS during the wet season for all the buffer sizes upstream and downstream for 2017 

and 2018 while only upstream 500m showed differences in 2019. In contrast, in the dry 

season, the 30,60 and 90m buffer sizes upstream and downstream, as well as 120m 

downstream, showed significant differences between floodplain and upland SWCS for 

2017 and 2018. For 2019 the trend was the same; the only difference was that the 120m 

upstream showed a significant difference between floodplain and upland SWCS. 
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Overall the bigger buffer sizes downstream and upstream were not significant 

compared to the smaller buffer sizes to show the differences between the floodplain and 

upland SWCS. 

Table 23 shows that for all the upstream and downstream buffer sizes, there are 

significant differences. Therefore, Ho is rejected because the p-values are smaller than 

0.05, and mean NDVI values are different in the floodplain and the upland.  

 

Table 23. T-test for Planet Scope NDVI values upstream and downstream buffers on the 
BANWR, August 2017. 

Location t df p-value Confidence interval 95% 
Downstream 30m 10.16 349 < 2.2e-16 [0.0904, 0.1338] 
Upstream 30m 8.2076 349 4.409E-15 [0.0694, 0.1132] 
Downstream 60m 10.792 349 < 2.2e-16 [0.0983, 0.1422] 
Upstream60m 9.602 349 < 2.2e-16 [0.0840, 0.1273] 
Downstream 90m 11.068 349 < 2.2e-16 [0.1002,0.1435] 
Upstream 90m 10.555 349 < 2.2e-16 [0.0923, 0.1346] 
Downstream 120m 11.222 349 < 2.2e-16 [0.1006, 0.1433] 
Upstream 120m 11.267 349 < 2.2e-16 [0.0973, 0.1385] 
Downstream 500m 11.049 349 < 2.2e-16 [0.0841, 0.1205] 
Upstream 500m 11.29 349 < 2.2e-16 [0.0876, 0.1246] 
Downstream 1000m 9.8444 349 < 2.2e-16 [0.0695, 0.1042] 
Upstream 1000m 10.638 349 < 2.2e-16 [0.0763, 0.1109] 
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Table 24 shows that the downstream and upper stream 500m and upstream 1000m 

are not significant based on p-values, although they are outside the confidence intervals. 

Therefore, Ho is accepted for the buffers mentioned above. Conversely, the Ho is rejected 

for the 30, 60,90, and 120m downstream and upstream buffers, as well as the 1000m 

downstream buffer, which presented p-values smaller than 0.05. 

 

Table 24. T-test for Planet Scope NDVI values in the upstream and the downstream 
buffers on the BANWR, May 2017. 

Location t df p-value 
Confidence interval 

95% 
Downstream 30m -6.1890 350 1.69E-09 [-0.0363, -0.0187] 
Upstream 30m -5.9053 350 8.33E-09 [ -0.0343, -0.0171] 
Downstream 60m -5.7137 350 2.37E-08 [-0.0307, -0.0149] 
Upstream60m -4.9384 350 1.22E-06 [-0.0274, -0.0118] 
Downstream 90m -5.0232 350 8.12E-07 [-0.0257, -0.0112] 
Upstream 90m -4.1233 350 4.67E-05 [-0.0227, -0.0080] 
Downstream 120m -4.4304 350 1.26E-05 [-0.0219, -0.0084] 
Upstream 120m -3.3857 350 0.0008 [-0.0192, -0.0050] 
Downstream 500m 0.06498 350 0.9482 [ -0.0053,0.0057] 
Upstream 500m -0.0387 350 0.9692 [-0.0064, 0.0061] 
Downstream 1000m 2.1759 350 0.0302 [0.0006, 0.0136] 
Upstream 1000m 1.1826 350 0.2378 [-0.0026, 0.0108] 
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Table 25 reveals that all upstream and downstream buffer sizes are significant 

because the p-values are lower than 0.05. Therefore, Ho is rejected because there are 

differences between NDVI values for flood plain and upland SWCS.  

 

Table 25. T-test for Planet Scope NDVI values upstream and downstream buffers, August 
2018. 

Location t df p-value Confidence interval 95% 
Downstream 30m 5.619 351 3.933E-08 [0.0331, 0.0688] 
Upstream 30m 4.0162 351 0.0000724 [0.0188, 0.0550] 
Downstream 60m 6.2644 351 1.102E-09 [0.0390, 0.0747] 
Upstream60m 5.3039 351 2.017E-07 [0.0304, 0.0663] 
Downstream 90m 6.7253 351 7.18E-11 [0.0427, 0.0781] 
Upstream 90m 6.1542 351 2.071E-09 [0.0375,0.0727] 
Downstream 120m 7.0970 351 7.163E-12 [0.0455, 0.0805] 
Upstream 120m 6.7549 351 5.997E-11 [0.0419, 0.0763] 
Downstream 500m 6.5230 351 2.423E-10 [0.0360, 0.0672] 
Upstream 500m 6.7167 351 7.565E-11 [0.0384, 0.0703] 
Downstream 1000m 5.2247 351 3.007E-07 [0.0260, 0.0575] 
Upstream 1000m 5.8572 351 1.088E-08 [0.0300, 0.0604] 
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Table 26 finds that upstream 120m, 500m upstream and downstream, presented p-

values higher than 0.05; therefore, Ho would be accepted based on the p-value. 

Conversely, the other buffer sizes are significant, based on p-values that are smaller than 

0.05, and thus, the Ho is rejected. 

 

Table 26. T-test for Planet Scope NDVI values upstream and downstream buffers on the 
BANWR, May 2018. 

Location t df p-value Confidence interval 95% 
Downstream 30m -4.1479 354 4.21E-05 [-0.0326, -0.0116] 
Upstream 30m -3.6489 354 0.0003 [-0.0280, -0.0084] 
Downstream 60m -3.4025 354 0.0007 [-0.0266, -0.0071] 
Upstream60m -2.6421 354 0.0086 [ -0.0209, -0.0030] 
Downstream 90m -2.829 354 0.0049 [-0.0221, -0.0039] 
Upstream 90m -2.0128 354 0.0448 [ -0.0171, -0.0001] 
Downstream 120m -2.245 354 0.0253 [-0.0178, -0.0011] 
Upstream 120m -1.424 354 0.1553 [ -0.0140, 0.0022] 
Downstream 500m 0.6458 354 0.5188 [-0.0044, 0.0087] 
Upstream 500m 1.4935 354 0.1362 [-0.0017, 0.0128] 
Downstream 1000m 1.9879 354 0.0475 [7.2e-05, 1.3e-02] 
Upstream 1000m 2.7783 354 0.0057 [ 0.0030, 0.0178] 
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Table 27 illustrates that only upstream 500m buffer is significant based on p-

value; therefore, the Ho is rejected. In contrast, all the other buffer sizes presented p-

values higher than 0.05; consequently, the Ho is accepted because there is no difference 

in NDVI values between floodplain and upland SWCS. 

 

Table 27. T-test for Planet Scope NDVI values upstream and downstream buffers on the 
BANWR, September 2019. 

Location t df p-value Confidence interval 95% 
Downstream 30m 0.4825 344 0.6298 [-0.0101, 0.016] 
Upstream 30m -1.255 344 0.2104 [-0.0232, 0.0051] 
Downstream 60m 0.8985 344 0.3695 [-0.0070, 0.0188] 
Upstream60m 0.0148 344 0.9882 [-0.013, 0.0136] 
Downstream 90m 1.2237 344 0.2219 [ -0.0047, 0.0202] 
Upstream 90m 0.7822 344 0.4346 [-0.0079, 0.0184] 
Downstream 120m 1.5285 344 0.1273 [ -0.0027, 0.0215] 
Upstream 120m 1.4325 344 0.1529 [-0.0034, 0.0220] 
Downstream 500m 1.4549 344 0.1467 [ -0.0028, 0.0187] 
Upstream 500m 2.0221 344 0.04397 [0.00030, 0.0225] 
Downstream 1000m -0.59 303 0.5557 [-0.0128, 0.0069] 
Upstream 1000m 0.943 311 0.3464 [-0.0053, 0.0151] 
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Table 28 shows that 500 m and 1000 m upstream and downstream buffers are not 

significant based on the p-value. Therefore, Ho is accepted for these buffer sizes. In 

contrast, 30, 60, 90, and 120m buffer sizes downstream and upstream presented p-values 

lower than 0.05, thus Ho is rejected because there are differences between upland and 

floodplain SWCS. 

 

Table 28. T-test for Planet Scope NDVI values upstream and downstream buffers on the 
BANWR, June 2019. 

Location t Df p-value Confidence interval 95% 
Downstream 30m -5.1618 349 4.11E-07 [ -0.0403, -0.0180] 
Upstream 30m -5.7162 349 2.34E-08 [ -0.0425, -0.0207] 
Downstream 60m -4.7142 349 3.51E-06 [-0.0344, -0.0141] 
Upstream60m -4.7538 349 2.92E-06 [-0.0344, -0.0142] 
Downstream 90m -4.3695 349 1.65E-05 [-0.0302, -0.0114] 
Upstream 90m -3.8555 349 0.0001 [-0.0284, -0.0092] 
Downstream 120m -3.9109 349 0.0001 [ -0.0264, -0.0087] 
Upstream 120m -3.0682 349 0.0023 [-0.0239, -0.0052] 
Downstream 500m -0.5979 349 0.5503 [-0.0103, 0.0055] 
Upstream 500m -0.4127 349 0.6801 [-0.0105, 0.0069] 
Downstream 1000m 1.2389 349 0.2162 [-0.0032, 0.0143] 
Upstream 1000m 0.5151 349 0.6068 [-0.0067, 0.0115] 

 

2. Analysis of Variance (ANOVA) for NDVI values in Flood Plain and Upland 
SWCS 
 Statistical analysis was performed in R using analysis of variance to determine 

differences between NDVI values at the flood plains and upland SWCS on the BANWR. 

The null hypothesis establishes that NDVI values for SWCS in flood plains or uplands 

are the same. Results for the analysis of variance (ANOVA) for May and August 2017, 

August 2018, as well as June and August 2019, are shown in the tables below. The first 

column in the table comprises variables analyzed and residuals, which are a variable’s 
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deviation from its group mean. The next columns provide degrees of freedom (Df), sum 

of squares (Sum sq.), mean square (Mean sq.), F-value, and Pr(>F), which is the p-value 

associated with the F statistic of a given effect and test statistic. 

 Variables used for the analysis of variance included: Position (Floodplain, 

Upland), Type (Dam, Dike, Structure, Water Spreaders), Condition (Intact, Breach, 

Flank), and Location (Upstream, Downstream). The significance codes specify if F is so 

high that the null hypothesis can be rejected. 

To compare and contrast NDVI values between structures in the floodplains and 

uplands according to structural types and conditions for the wet and dry seasons, I used 

an analysis of variance (ANOVA). The hypothesis was that NDVI values would be 

higher in the water spreaders than in and around dams, dikes, and other structures. I 

confirmed the hypothesis since the ANOVA proved that variables Position, Type, and 

Condition were significant in both May and August 2017 and 2018 as well as September 

2019. In contrast, in June 2019, Position and Type were not significant to reject the null 

hypothesis because Flood, Plain, and Upland SWCS had similar NDVI values. The 

differences in NDVI related to the position (floodplain or upland) were associated with 

the runoff because the floodplain experiences inundation when a strong rainfall occurs; in 

contrast, uplands are flooded less frequently (Brooks et al., 2012, p. 271). Thus, there will 

be more soil moisture close to the SWCS during the wet seasons. Regarding the SWCS 

types, we expect that water spreaders will show a higher NDVI than the other types in 

both wet and dry seasons. This assumption was confirmed with ANOVA statistical 

analysis, which presented significant differences for the study period. Three conditions - 

intact, breach, and flank - showed significant differences, for intact structures contribute 
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to maintaining high soil moisture close to the SWCS. Conversely, breach and flank 

SWCS caused scour and erosion, which lead to localized incision and gullying (Nichols 

et al., 2017) that is reflected in low vegetation cover. Thus, there were low NDVI values 

for the SWCS with breach or flank conditions. 

 Because results showed that intact structures had higher NDVI than SWCS values 

with bridge or flank conditions, it is essential to create a maintenance program in the 

BANWR to reduce negative effects such as erosion and gullying. This maintenance 

program, in addition to the current management efforts like prescribed fires, revegetation, 

and wildlife water development, can enhance vegetation cover for wildlife habitats. 

Table 29, which shows the high values of F and the small value of p (listed in the 

table as Pr>F), indicates that the null hypothesis must be rejected for the variables 

Position and Type. In contrast, the null hypothesis must be accepted for the variables 

Condition and Location, which show low values for F but high values for p. 

 

Table 29. ANOVA for Planet Scope NDVI values for the variables Position, Type, 
Condition, and Location on the BANWR, May 2017. 

Variables Df Sum sq. Mean sq. F-value Pr(>F) 
Position 1 0.0121 0.012103 7.339 0.00691 ** 
Residuals    710 1.1709 0.001649   
Type 3 0.0658 0.02192 13.89 8.26e-09 *** 
Residuals   708 1.1172 0.001578   
Condition      2 0.008 0.003976 2.399 0.0915 
Residuals    709 1.175 0.00166   
Location      1 0.0003 0.000321 0.193 0.661 
Residuals     710 1.1826 0.001666   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for May 2017 revealed that variables Type and Position were significant 
with high F-values of 13.89 and 7.339, respectively. 
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High values of F and the small value of p (listed in the table as Pr>F) in Table 30  

indicate that the null hypothesis must be rejected for the variables Position, Type, and 

Condition. On the contrary, the null hypothesis must be accepted for the variable 

Location, which shows low values for F but high values for p. 

 

Table 30. ANOVA for Planet Scope NDVI values for the variables Position, Type, 
Condition, and Location on the BANWR, May 2018. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 0.03 0.02998 27.99 1.63e-07 *** 
Residuals    701 0.751 0.00107   
Type 3 0.1093 0.03644 37.92 <2e-16 *** 
Residuals   699 0.6716 0.00096   
Condition      2 0.0121 0.00606 5.516 0.0042 ** 
Residuals    700 0.7688 0.00110   
Location      1 0.0002 0.00017 0.15 0.699 
Residuals     701 0.7808 0.00111   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for May 2018 indicated that variables Type, Position, and Condition 
were significant with high F-values of 37.92, 27.99, and 5.516, respectively. 
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Table 31 indicates that the null hypothesis must be rejected for the variables 

Position and Type because F presented high values, while p revealed small values (listed 

in the table as Pr>F). On the contrary, the null hypothesis must be accepted for the 

variables Condition and Location, which showed low values for F, but high values for p. 

 

Table 31. ANOVA for Planet Scope NDVI values for the variables Position, Type, 
Condition, and Location on the BANWR, June 2019. 

Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 0.0535 0.05345 27.25 2.38e-07 *** 
Residuals    669 1.312 0.00196   
Type 3 0.1734 0.05779 32.33 <2e-16 *** 
Residuals   667 1.1921 0.00179   
Condition      2 0.0067 0.00336 1.652 0.193 
Residuals    668 1.3587 0.002034   
Location      1 0.0001 0.0000679 0.033 0.855 
Residuals     669 1.3654 0.0020409   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for Jun 2019 showed that variables Type, and Position were significant with 
high F-values of 32.33 and 27.25, respectively. 
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Table 32, which shows high values of F and the small value of p (listed in the 

table as Pr>F), indicates that the null hypothesis must be rejected for the variables 

Position, Type, and Condition. In contrast, the null hypothesis must be accepted for the 

variable Location, which shows a low value for F, but a high value for p. 

 

Table 32. ANOVA for Planet Scope NDVI values for the variables Position, Type, 
Condition, and Location on the BANWR, August 2017. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 2.303 2.3032 178.2 <2e-16 *** 
Residuals    710 9.178 0.0129   
Type 3 0.384 0.12795 8.163 2.39e-05 *** 
Residuals   708 11.098 0.01567   
Condition      2 0.208 0.1041 6.55 0.00152 ** 
Residuals    709 11.273 0.0159   
Location      1 0.011 0.01087 0.673 0.412 
Residuals     710 11.471 0.01616   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for August 2017 revealed that variables Type, Position, and Condition 
were significant with F-values of8.163, 178.2, and 6.55, respectively. 
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High F values and the small value of p (listed in the table as Pr>F) in Table 33 

indicate that the null hypothesis must be rejected for the variables Position, Type, and 

Condition. On the contrary, the null hypothesis must be accepted for the variable 

Location, which showed low values for F but high values for p. 

 

Table 33. ANOVA for Planet Scope NDVI values for the variables Position, Type, 
Condition, and Location on the BANWR, August 2018. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 0.677 0.6772 97.36 <2e-16 *** 
Residuals 701 4.876 0.007   
Type 3 0.234 0.07788 10.23 1.33e-06 *** 
Residuals 699 5.319 0.00761   
Condition 2 0.074 0.0368 4.701 0.00938 ** 
Residuals 700 5.479 0.00783   
Location 1 0 0.00049 0.062 0.804 
Residuals 701 5.553 0.00792   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for August 2018 showed that variables Position, Type, and Condition 
were significant with F-values of 97.36, 10.23, and 4.701, respectively. 
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According to Table 34, the null hypothesis must be rejected for the variables 

Position, Type, and Condition because F presented high and p presented small values 

(listed in the table as Pr>F). In contrast, the null hypothesis must be accepted for the 

variable Location, which shows low values for F but high values for p. 

 

Table 34. ANOVA for Planet Scope NDVI values for the variables position, Type, 
Condition, and Location on the BANWR, September 2019. 

Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 0.0151 0.015055 4.381 0.0367 * 
Residuals 689 2.3675 0.003436   
Type 3 0.043 0.014341 4.211 0.00578 ** 
Residuals 687 2.34 0.003405   
Condition 2 0.0585 0.029252 8.66 0.000193 *** 
Residuals 688 2.3241 0.003378   
Location 1 0.0014 0.001373 0.397 0.529 
Residuals 689 2.3812 0.003456   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for August 2019 showed that variables Position, Type, and Condition 
were significant with F-values from 4.381, 4.211, and 8.66, respectively. 
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3. Tukey test for NDVI values of intact and failed Soil and Water Conservation 
Structures. 
A Tukey test was conducted to identify the differences between intact and failed 

structures because significant differences were detected with the ANOVA analysis.  The 

Tukey test showed that NDVI values for intact and failed structures differed significantly 

at p < 0.05 for May and August 2018 and September 2019. These results confirm that a 

good amount of rainfall has a positive effect on the NDVI values for the intact structures.  

In contrast, there were no significant differences in May and August 2017, or June 2019 

(Figure 41). 

A Tukey test was performed for intact, breach, and flank SWCS.  The Tukey 

results showed significant differences for NDVI values for the different condition types 

for May and August 2018 and September 2019. On the contrary, there were no significant 

differences between May and August 2017, and  June 2019 (Figure 42).
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Figure 41. Tukey test for Planet Scope NDVI values for intact and failed soil and water conservation structures on the BANWR, May 
2017, May 2018, June 2019, August 2017, August 2018, and September 2019. Bars with the same color and letters are related with no 
differences in NDVI values for intact and failed SWCS. On the contrary, bars with different colors and letters are associated with 
significant differences between intact and failed SWCS. 



 

172 

 

Figure 42. Tukey test for Planet Scope NDVI values for intact, breach, and flank soil and water conservation structures on the 
BANWR for wet and dry months of 2017, 2018, and 2019. Bars with the same color and letters are related with no differences in 
NDVI values for the different SWCS conditions. In contrast, bars with different colors and letters are associated with significant 
differences between SWCS conditions.
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I. Statistical Analysis of Vegetation Fraction Cover 

1. Boxplots for Fraction Cover of Green Grass 
The statistical analysis, the extracted fraction cover of green grass cover (FCGG) 

values were plotted in R using boxplot to visualize differences between SWCS located 

upland or in a flood plain. Figures 43, 44, and 45 show the boxplots for August 2017, 

August 2018, and August 2019, respectively. It can be observed that fraction cover mean 

values for all structure types are higher in the flood plains than in the uplands. 

Furthermore, in August 2017 (Figure 43), water spreaders had the highest mean 

differences between flood plains and uplands. Conversely, the structures (water control, 

rock gabions) exhibited the lowest differences in the mean fraction cover values. August 

2018 (Figure 44) showed the same trends as August 2017; the only difference was that 

dikes revealed the opposite pattern, with higher fraction cover values for the upland 

SWCS than flood plain SWCS. In September 2019 (Figure 45), the exception was that 

structures (water control and rock gabions) had higher fraction values in the uplands than 

in the flood plains. From all the SWCS types (dams, dikes, structures, and water 

spreaders), only dams and water spreaders maintained the same trend from 2017 to 2019, 

with higher fraction cover values for the flood plain SWCS than upland SWCS. Figures 

46, 47, and 48 show the boxplot for May 2017, May 2018, and June 2019, respectively. It 

can be observed that mean values for water spreaders showed fraction cover higher 

values in the flood plains than in the uplands. The t-test results revealed that there are no 

significant differences between floodplain and upland SWCS for dams, dikes, and 

structures (water control and rock gabions), which is symbolized with the blue legend ns 

in the upper part of each box plot. Conversely, t-test results showed significant 
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differences between floodplain and upland for water spreaders (blue asterisks). However, 

these differences are higher during August 2017 and August 2018. In contrast, in 

September 2019, the differences between the flood plain and upland SWCS were 

significant but not for all buffer sizes. 
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Figure 43. Planet Scope Fraction Cover of Green Grass (FCGG) values for the SWCS with different downstream (d.30m to 
d.100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in August 2017. The SWCS are displayed as A) 
dams, B) dikes, C) Structures (water control and rock gabions), or D) water spreaders. The flood plain had higher FCGG 
values than the upland for all the SWCS. The t-test revealed that D) water spreaders showed significant differences between 
floodplain and upland (blue asterisks), whereas all the other SWCS do not have significant differences (ns in blue). The red 
asterisks represent the outlier values. 
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Figure 44. Planet Scope Fraction Cover of Green Grass Cover (FCGG) values for the SWCS with different downstream 
(d.30m to d.100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in August 2018. The SWCS are 
presented as A) dams, B) dikes, C) Structures (water control and rock gabions), or D) water spreaders. The flood plains had 
higher FCGG values than uplands SWCS. The only exception was the B) dikes, which had the opposite trend. The t-test 
results showed that D) water spreaders presented significant differences between floodplain and upland (blue asterisks); 
however, all the other SWCS do not have significant differences (ns in blue). The outlier FCGG values are represented by 
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Figure 45. Planet Scope Fraction Cover of Green Grass Cover (FCGG) values for the SWCS with different downstream 
(d.30m to d.100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in September 2019. The SWCS are 
presented as A) dams, B) dikes, C) Structures (water control and rock gabions), and D) water spreaders. The SWCS in the 
flood plains had higher FCGG values than SWCS in the uplands. The exception was the C) water control and rock 
gabions, which had similar FCGG values in both the floodplains and uplands SWCS. The t-test results showed that D) 
water spreaders presented significant differences between floodplain and upland (blue asterisks); the exceptions were 
downstream buffer for 30 and 500 m as well as an upstream buffer for 60m. All the other SWCS do not have significant 
differences (ns in blue). The outliers for the FCGG values are represented by red asterisks. 
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Figure 46. Planet Scope Fraction Cover of Green Grass (FCGG) values for the SWCS with different downstream (d.30m 
to d100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in September 2019. The SWCS are presented 
as A) dams, B) dikes, C) Structures (water control and rock gabions), or D) water spreaders. The floodplain and upland 
SWCS showed similar FCGG values. The exception was B) dikes, which showed higher FCGG values for uplands than 
floodplains SWCS. The test results exhibited significant differences (blue asterisks) in D) water spreaders but only in the 
downstream location for 30, 120, 500, and 1000 m buffer sizes. All the other SWCS do not show significant differences in 
FCGG values (ns in blue). The red asterisks represent the FCGG outlier values. 
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Figure 47. Planet Scope Fraction Cover of Green Grass (FCGG) values for the SWCS with different downstream (d.30m 
to d100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in May 2018. The SWCS are presented as A) 
dams, B) dikes, C) Structures (water control and rock gabions), or D) water spreaders. The floodplain and the upland 
SWCS presented equivalent FCGG values. The A) dams and D) water spreaders presented a high number of outlier values 
(red asterisk). The test results exhibited significant differences (blue asterisks) in D) water spreaders located downstream 
30 and 120m, and in the upstream for 60 m and 500m buffer sizes. All the other SWCS do not show significant 
differences for upland and downstream SWCS for FCGG values (ns in blue). 
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Figure 48. Planet Scope Fraction Cover of Green Grass (FCGG) for the SWCS with different downstream (d.30m to 
d100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in May 2018. The SWCS are presented as A) 
dams, B) dikes, C) Structures (water control and rock gabions), or D) water spreaders. The flood plain and upland SWCS 
showed similar FCGG values. The exception was B) dikes, where the FCGG values are higher in the uplands than in the 
flood plains SWCS. The A) dams and D) water spreaders showed a high number of outlier values (red asterisks). The test 
results revealed that D) water spreader showed significant differences (blue asterisks) for downstream in 30 and 120 m 
buffer size as well as upstream 500m. All the other SWCS do not present significant differences (ns in blue means no 
significant differences for t-test). 
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Figure 49 shows that there is a relationship between the green grass cover 

percentage and NDVI values. As the green grass cover increases, the NDVI also 

increases. This relationship is confirmed with the correlation coefficient that is 0.95, 0.69, 

0.84, and 0.93 for sites 2, 3, and 4, respectively.  The equation obtained in site two was 

applied to the NDVI raster derived from PS imagery to extract green grass fraction cover 

values for 2017, 2018, and 209. 

Figure 49. UAV Green Grass Cover Percent and Planet Scope NDVI values for sites 2, 
3, 4, and 5 on the BANWR for August 2019. 
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2. T-test Fraction Cover 
The statistical analysis was conducted to determine the fraction cover differences 

between the flood plain and upland SWCS. A t-test was computed using R for SWCS 

located in the flood plains and uplands for both downstream from and upstream of a 

structure’s location. The statistical analysis calculated the t-test for downstream and 

upstream buffers of 30, 60, 90, 120, 500, and 1000m at three time periods: May and 

August 2017, May and August 2018, and June and September 2019. 

A two sample-test was calculated to compare the means for flood plain and 

upland SWCS. The null hypothesis (Ho) for the t-test is μd = 0. It assumes the means are 

equal. Conversely, the two-tailed alternative hypothesis (H1) assumes that μd is not equal 

to zero.  Looking at the p-values, it is possible to determine the statistical significance. 

The lower the p-value, the lower the probability to obtain a result like the one observed in 

the null hypothesis, and therefore the Ho must be rejected. The results for the t-tests are 

shown in Tables 35 to 40. 

The t-test statics revealed that fraction cover differences between the flood plain 

and upland SWCS are more significant during the wet season (August and September) 

than in the dry season (May and June). T-tests presented differences between the 

floodplain and upland SWCS during the wet season for all the buffer sizes upstream and 

downstream for 2017 and 2018 while there were no differences in 2019. In contrast, in 

the dry season, the 30,60, 90, and 120m buffer size upstream and downstream showed 

significant differences between the floodplain and upland SWCS for 2017, 2018, and 

2019.  
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Overall the bigger buffer sizes downstream and upstream were not significant 

compared to the smaller buffer sizes to show the differences between the floodplain and 

the upland SWCS for fraction cover values. 
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Table 35 shows that all the upstream and downstream buffer sizes have significant 

statistical differences based on the p-values. Therefore, Ho is rejected because the p-

values are smaller than 0.05, and the mean FCGG values are different in the floodplain 

and the upland SWCS. 

 

Table 35. T-test for Planet Scope Fraction Cover percentage in the Downstream and 
Upstream buffers on the BANWR, August 2017. 

Location t df p-value Confidence interval 95% 
Downstream 30m 9.8989 354 < 2.2e-16 [ 27.51199, 41.15439] 
Upstream 30m 8.7788 354 < 2.2e-16 [23.78148, 37.51310] 
Downstream 60m 10.897 354 < 2.2e-16 [29.88529, 43.04812] 
Upstream60m 10.172 354 < 2.2e-16 [27.73340, 41.02824] 
Downstream 90m 11.193 354 < 2.2e-16 [30.52154, 43.53400] 
Upstream 90m 10.964 354 < 2.2e-16 [29.72641, 42.72263] 
Downstream 120m 11.385 354 < 2.2e-16 [30.76779, 43.61729] 
Upstream 120m 11.528 354 < 2.2e-16 [30.74960, 43.39905] 
Downstream 500m 9.8509 354 < 2.2e-16 [21.77216, 32.63407] 
Upstream 500m 10.167 354 < 2.2e-16 [23.01029, 34.04743] 
Downstream 1000m 6.1058 354 2.69E-09 [10.06322, 19.62621] 
Upstream 1000m 6.8704 354 2.89E-11 [12.68098, 22.85261] 
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Table 36 presented no statistical differences only for the 500 and 1000 m buffers 

downstream and upstream for the upland and floodplain SWCS. Therefore, Ho is 

accepted. However, all the rest of the buffer sizes showed p-values below 0.05. Thus, Ho 

is rejected because there are differences between buffers downstream and upstream for 

the upland and floodplain SWCS. 

 

Table 36. T-test for Planet Scope Fraction Cover percentage in Downstream and 
Upstream buffers on the BANWR, May 2017. 

Location t df p-value Confidence interval 95% 
Downstream 30m -6.4621 354 3.421E-10 [-10.22633, -5.45410] 
Upstream 30m -5.8273 354 1.267E-08 [-9.48811, -4.69978] 
Downstream 60m -6.1102 354 2.625E-09 [-8.60078, -4.41225] 
Upstream60m -4.9607 354 1.09E-06 [ -7.57856, -3.27544] 
Downstream 90m -5.5516 354 5.563E-08 [-7.21617, -3.44084] 
Upstream 90m -4.230 354 2.98E-05 [ -6.34997, -2.31928] 
Downstream 120m -5.1043 354 5.43E-07 [-6.15286, -2.73023] 
Upstream 120m -3.5913 354 3.76E-04 [-5.44698, -1.59215] 
Downstream 500m -1.2393 354 0.2161 [-1.86896, 0.42404] 
Upstream 500m -1.0074 354 0.3144 [ -2.29961, 0.74177] 
Downstream 1000m 0.11645 354 0.9074 [ -1.02510, 1.15414] 
Upstream 1000m -0.6314 354 0.5282 [-1.90390,  0.97852] 
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Table 37 shows statistical differences based on p-value for all the upstream and 

downstream buffer sizes. Therefore, the Ho is rejected because the p-values are smaller 

than 0.05 and the mean FCGG values are different in the floodplain and the upland. 

 
Table 37. T-test for Planet Scope Fraction Cover percentage for Downstream and 
Upstream buffers on the BANWR, August 2018. 

Location t df p-value Confidence interval 95% 
Downstream 30m 6.0096 346 4.72E-09 [6.96991, 13.75181] 
Upstream 30m 4.1131 346 4.88E-05 [3.839222, 10.875680] 
Downstream 60m 6.5748 346 1.80E-10 [7.886688, 14.619273] 
Upstream60m 5.3491 346 1.61E-07 [5.911842, 12.787433] 
Downstream 90m 6.9913 346 1.41E-11 [8.523481, 15.196588] 
Upstream 90m 6.1274 346 2.44E-09 [7.12102 ,13.85381] 
Downstream 120m 7.4254 346 8.93E-13 [9.150874, 15.745621] 
Upstream 120m 6.7601 346 5.95E-11 [7.991717, 14.550609] 
Downstream 500m 6.8477 346 3.76E-11 [7.191189, 12.988770] 
Upstream 500m 6.9404 346 2.10E-11 [7.404259, 13.262031] 
Downstream 1000m 4.7235 346 3.55E-06 [3.755284, 9.118532] 
Upstream 1000m 5.3777 346 1.49E-07 [4.478478, 9.646628] 
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Table 38 finds no statistical difference only for the 500 and 1000m buffer sizes 

downstream and upstream for the upland and floodplain SWCS; therefore, Ho is 

accepted. In contrast, all the rest of the buffer sizes showed p-values below 0.05; thus, 

then Ho is rejected because there are differences between buffers downstream and 

upstream for the upland and floodplain SWCS. 

 

Table 38. T-test for Planet Scope Fraction Cover percentage in the Downstream and 
Upstream buffers on the BANWR, May 2018. 

Location t df p-value Confidence interval 95% 
Downstream 30m -5.3196 354 1.85E-07 [-8.718093,  -4.011775] 
Upstream 30m -4.5219 354 8.37E-06 [-7.273374, -2.864254] 
Downstream 60m -4.6318 354 5.10E-06 [ -7.128610, -2.879248] 
Upstream60m -3.5957 354 0.00037 [ -5.400248, -1.581515] 
Downstream 90m -4.1767 354 0.00004 [-5.936215, -2.135503] 
Upstream 90m -3.0654 354 0.00234 [-4.527128, -0.988493] 
Downstream 120m -3.7871 354 0.00018 [-4.813332, -1.522852] 
Upstream 120m -2.4626 354 0.0143 [-3.780669, -0.423275] 
Downstream 500m -0.9102 354 0.3633 [ -1.699204,  0.623995] 
Upstream 500m -0.0637 354 0.9492 [-1.385487  1.298487] 
Downstream 1000m -0.4446 354 0.6569 [ -1.365038,  0.861700] 
Upstream 1000m 0.30354 354 0.7617 [-1.067512,  1.457180] 
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Table 39 presents no statistical difference based on p-value in all the downstream 

and upstream buffers for the upland and floodplain SWCS; therefore, Ho is accepted. 

 
Table 39. T-test for Planet Scope Fraction Cover percentage in the Downstream and 
Upstream buffers, September 2019. 

Location t df p-value Confidence interval 95% 
Downstream 30m 0.4347 346 0.664 [-2.261509, 3.544807] 
Upstream 30m -1.386 346 0.1665 [-5.195274,  0.898910] 
Downstream 60m 0.8215 346 0.4119 [-1.623981,  3.953648] 
Upstream60m -0.1393 346 0.8892 [-3.084324,  2.676126] 
Downstream 90m 1.1366 346 0.2565 [-1.139148,  4.258075] 
Upstream 90m 0.65303 345 0.5142 [-1.872873,  3.734664] 
Downstream 120m 1.4307 344 0.1534 [-0.716617,  4.540634] 
Upstream 120m 1.3035 343 0.1933 [-0.916007,  4.515386] 
Downstream 500m 1.3726 325 0.1708 [-0.701772,  3.941332] 
Upstream 500m 1.8566 328 0.06427 [-0.133782,  4.623276] 
Downstream 1000m -0.6480 303 0.5175 [-2.831069,  1.428401] 
Upstream 1000m 0.6537 311 0.5137 [-1.463493,  2.920014] 



 

189 

Table 40 presents no statistical difference based on the p-value for the 500 and 

1000 downstream and upstream for the upland and floodplain SWCS; therefore, Ho is 

accepted. Nevertheless, all the rest of the buffer sizes showed p-values below 0.05. For 

this reason, Ho is rejected because there are differences between buffers downstream and 

upstream for the upland and floodplain SWCS. 

 

Table 40. T-test Planet Scope Fraction Cover percentage for Downstream and Upstream 
buffers on the BANWR, June 2019. 

Location t Df p-value Confidence interval 95% 
Downstream 30m -4.438 354 1.21E-05 [-10.94615, -4.22394] 
Upstream 30m -4.937 354 1.22E-06 [ -11.64689, -5.01107] 
Downstream 60m -4.003 354 7.62E-05 [-9.248721, -3.15482] 
Upstream60m -4.011 354 7.37E-05 [-9.300577, -3.181113] 
Downstream 90m -3.687 354 2.62E-04 [-8.098391, -2.464925] 
Upstream 90m -3.190 354 0.00155 [-7.644832, -1.813555] 
Downstream 120m -3.252 354 0.001253 [-7.021744, -1.730068] 
Upstream 120m -2.483 354 0.01349 [-6.370310, -0.739170] 
Downstream 500m -0.685 354 0.4933 [-2.849213,  1.376032] 
Upstream 500m -0.502 354 0.6159 [-2.997410,  1.778056] 
Downstream 1000m 0.182 354 0.8551 [-1.772718,  2.135845] 
Upstream 1000m -0.351 354 0.7256 [-2.632415,  1.834503] 
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3. Analysis of Variance (ANOVA) for Fraction Green Grass Cover in Flood 
Plain and Upland SWCS 
 

Statistical analysis was performed in R using analysis of variance to determine 

differences between fraction cover values at the flood plains and upland SWCS on the 

BANWR. The null hypothesis establishes that fraction cover values for SWCS in flood 

plains or uplands are the same. Results for the analysis of variance (ANOVA) for May 

and August 2017, August 2018, as well as June and September 2019, are shown in the 

tables below. The first column in the table comprises variables analyzed and residuals, 

which are a variable’s deviation from its group mean. The next columns provide degrees 

of freedom (Df), sum of squares (Sum sq.), mean square (Mean sq.), F-value, and Pr(>F), 

which is the p-value associated with the F statistic of a given effect and test statistic. 

 Variables used for the analysis of variance included: Position (Floodplain, 

Upland), Type (Dam, Dike, Structure, Water Spreaders), Condition (Intact, Breach, 

Flank), and Location (Upstream, Downstream). The significance codes specify if F is so 

high that the null hypothesis can be rejected. 

To assess the SWCS impacts on remotely sensed vegetation cover in the 

BANWR, I address the following research question: Do the structures’ buffers located in 

the floodplains show higher fractional green grass cover than the structures’ buffers in the 

uplands? The hypothesis is that fractional vegetation cover values will be higher among 

floodplain structures than among upland SWCS. The ANOVA results confirmed the 

hypothesis because ANOVA for fractional green grass cover values showed that 

variables Position, Type, and Condition were significant in both May and August 2017 

and 2018 as well as September 2019. Conversely, for June 2019, Position and Type were 
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significant to reject the null hypothesis because Flood, Plain, and Upland SWCS had 

similar fractional vegetation cover values. The ANOVA results for the fractional green 

grass cover results are consistent with ANOVA results for the NDVI. This relationship 

between fractional vegetation cover and NDVI was confirmed by Carlson & Ripley 

(1997) using simulations. A study conducted by Riihimäki et al. (2019) found that UAV-

derived FVC was strongly related to VIs derived from PlanetScope and other medium-

resolution imagery. In our research, the fractional green grass cover allows identifying 

the different SWCS effects on vegetation based on the SWCS position (upland or 

floodplain), type (waters spreaders, rock gabions, or water control) and condition (intact, 

breach, or flank). Also, fractional green grass cover revealed the vegetation dynamics 

during dry and wet seasons in 2017, 2018, and 2019. These dynamics, expressed as 

vegetation increase or decrease, are related to the rainfall, SWCS position, type, and 

condition as well as other watershed processes like runoff, erosion, and infiltration, 

among others. One contribution of my study was to calculate the fractional green grass 

cover using fine resolution UAV and Planet Scope imagery. Because it is challenging to 

map woody and grassland cover in the drylands using coarse satellite imagery that 

presents a mixture of pixels, another advantage of using UAV according to some studies 

is that image-based FVC estimation showed better accuracy than traditional ground 

methods. (McNeil et al., 2016; Rasmussen et al., 2016; Wallace et al., 2017). 

It would be critical to study the FVC in the SWCS in both the floodplains and 

uplands in the BANWR because it is a key ecological index for vegetation dynamics in 

dryland ecosystems. Therefore, it is prudent to use UAV and fine resolution imagery for 

larger timeframes to monitor phenology, coverage, and species distribution. This will 
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provide more information to implement actions that lead to improved vegetation 

conditions in the BANWR. 

Table 41, which shows the high values of F and the small value of p (listed in the 

table as Pr>F), indicates that the null hypothesis must be rejected for the variables 

Position, Type, and Condition. In contrast, the null hypothesis must be accepted for the 

variable Location, which shows low values for F but high values for p. 

 

Table 41. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR, May 2017. 

Variables Df Sum sq. Mean sq. F-value Pr(>F) 
Position 1 2815 2814.7 36.96 1.97e-09 *** 
Residuals    710 54068 76.2   

Type 3 9730 3243 48.7 <2e-16 *** 
Residuals   708 47153 67   
Condition      2 775 387.3 4.894 0.00774 ** 
Residuals    709 56108 79.1   
Location      1 24 24.49 0.306 0.58 
Residuals     710 56859 80.08   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for May 2017 revealed that variables Type, Position, and Condition 
were significant with high F-values of 48.7, 36.96, and 4.894, respectively. 
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High values of F and the small value of p (listed as Pr>F) in Table 42 indicate that 

the null hypothesis must be rejected for the variables Position, Type, and Condition. On 

the contrary, the null hypothesis must be accepted for the variable Location, which shows 

low values for F but high values for p. 

 
Table 42. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR, May 2018. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 1233 1233.4 19.48 1.18e-05 *** 
Residuals    710 44965 63.3   
  
Type 3 6706 2235.5 40.08 <2e-16 *** 
Residuals   708 39492 55.8   

  
Condition      2 406 202.89 3.141 0.0438 * 
Residuals    709 45792 64.59   
  
Location      1 2 2.16 0.033 0.856 
Residuals     710 46196 65.06     
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for May 2018 indicated that variables Type, Position, and Condition 
were significant with high F-values of 40.08, 19.48, and 3.141, respectively. 



 

194 

Table 43 indicates that the null hypothesis must be rejected for the variables 

Position and Type because F presented high values, while p revealed small values (listed 

in the table as Pr>F). In contrast, the null hypothesis must be accepted for the variables 

Condition and Location, which showed low values for F, but high values for p. 

 

Table 43. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR, June 2019. 

Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 2793 2793 16.34 5.89e-05 *** 
Residuals    710 121405 171   

Type 3 14483 4828 31.15 <2e-16 *** 
Residuals   708 109715 155   

Condition      2 334 166.9 0.955 0.385 
Residuals    709 123864 174.7   

Location      1 24 24.1 0.138 0.711 
Residuals     710 124174 174.9   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for Jun 2019 showed that variables Type and Position were significant with 
high F-values of 31.15 and 16.34, respectively. 
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Table 44, which shows high values of F and the small value of p (listed in the 

table as Pr>F), indicates that the null hypothesis must be rejected for the variables 

Position, Type, and Condition. In contrast, the null hypothesis must be accepted for the 

variable Location, which shows a low value for F, but a high value for p. 

 
Table 44. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR, August 2017. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 244947 244947 262.8 <2e-16 *** 
Residuals    710 661862 932   

Type 3 46570 15523 12.78 3.87e-08 *** 
Residuals   708 860240 1215   
Condition      2 22352 11176 8.959  0.000144 *** 
Residuals    709 884457 1247   
Location      1 1129 1129 0.885 0.347 
Residuals     710 905680 1276     
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for August 2017 revealed that variables Position, Type, and Condition 
were significant with F-values of 262.8, 12.78, and 8.959, respectively. 
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High F values of F and the small value of p (listed in the table as Pr>F) in Table 

45 indicate that the null hypothesis must be rejected for the variables Position, Type, and 

Condition. Conversely, the null hypothesis must be accepted for the variable Location, 

which showed low values for F but high values for p. 

 
Table 45. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR, August 2018. 

 Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 24188 24188 100.9 <2e-16 *** 
Residuals 689 165164 240   

Type 3 7674 2558 9.673 2.93e-06 *** 
Residuals 687 181678 264.5   
Condition 2 3652 1826 6.765 0.00123 ** 
Residuals 688 185700 269.9   
Location 1 3 2.76 0.01 0.92 
Residuals 689 189349 274.82   
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for August 2018 showed that variables Position, Type, and Condition 
were significant with F-values of 100.9, 9.673, and 6.765, respectively. 
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According to Table 46, the null hypothesis must be rejected for the variables 

Position, Type, and Condition because F presented high and p presented small values 

(listed in the table as Pr>F). In contrast, the null hypothesis must be accepted for the 

variable Location, which shows low values for F but high values for p. 

 
Table 46. ANOVA for Planet Scope Fraction Cover percentage for the variables Position, 
Type, Condition, and Location on the BANWR in September 2019. 

Variable Df Sum Sq. Mean Sq. F-value Pr(>F) 
Position 1 592 591.8 3.737 0.0536  
Residuals 689 109095 158.3   
Type 3 2222 740.8 4.736 0.00281 ** 
Residuals 687 107464 156.4   
Condition 2 2495 1247.6 8.007 0.000365 *** 
Residuals 688 107191 155.8   
Location 1 57 57.21 0.36 0.549 
Residuals 689 109629 159.11     
Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1 
ANOVA for September 2019 showed that variables Position, Type, and 
Condition were significant with F-values of 3.737, 4.736, and 8.007, respectively. 
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4. Tukey test for a fraction of Green Grass Cover Comparison between intact 
and failed SWCS. 

 

A Tukey test was conducted because significant differences were detected with 

the ANOVA analysis in the effect of Soil and Water Conservation Structures on NDVI 

values. 

Tukey's HSD test showed that there were significant differences in the quantity of 

fraction of green grass cover (FCGG) between intact and failed SWCS in May and 

August 2017, August 2018, and September 2019. Conversely, there were no significant 

differences for FCGG between intact and failed structures in May 2018 and June 2019 

(Figure 50). 

A Tukey ‘s test was conducted for the FCGG values associated with intact, 

breach, and flank SWCS. The Tukey’s HSD results showed significant differences 

between the SWCS condition types in May and August 2017, August 2018, and 

September 2019. On the contrary, there were no significant differences in May 2018 and 

June 2019. 

Tukey’s test results showed the same trend for the FCGG values when the SWCS 

were grouped into intact and failed as when they were separated into intact, breach, and 

flank. 
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Figure 50. Tukey test for Planet Scope Fraction Cover percentage for intact and failed SWCS on the BANWR during the period 2017-
2019. 
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Figure 51. Tukey test for Planet Scope Fraction Cover percentage for intact, breach, and flank soil and water conservation structures 
on the BANWR in May 2017, May 2018, June 2019, August 2017, August 2018, and September 2019. 
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5. Boxplots Fraction Cover of Green Grass for intact and failed SWCS 

 
The Fraction Cover of Green Grass (FCGG) values was plotted in R using 

boxplot to visualize differences between intact and failed SWCS to identify the 

differences between the two SWCS conditions. The t-test was conducted, and the level of 

significance was added to the boxplots for May 2017, May 2018, June 2019, August 

2017, August 2018, and September 2019. The statistical analyses included the different 

SWCS types: dams, dikes, structures (water control and rock gabions), and water 

spreaders. The values for FCGG were calculated using different buffer sizes 

(30,60,90,120,500, and 1000m) downstream and upstream the SWCS. 

Overall, there were significant differences between intact and failed structures for 

the structures (water control and rock gabions) and water spreaders for both wet (August 

and September) and dry (May and June) seasons during the period of study. 

 Figures 52, 53, and 54 show the boxplots for August 2017, August 2018, and 

August 2019, respectively. The t-test results showed that for August 2017 (Figure 52), 

there were no significant differences between intact and failed structures for all the 

different kinds of SWCS( dams, dikes, structures, and water spreaders). Figure 53 reveals 

that only the water spreaders showed significant differences between intact and failed 

structures for all the buffer sizes downstream and upstream in August 2018. Figure 54 

illustrates that in September 2019, the dams and structures (water control and rock 

gabions) presented significant differences between intact and failed SWCS. However, for 

dams, these differences were significant only for 30 and 120m downstream as well as for 

30, 60, 120, 500, and 1000m buffer size upstream. For the structures, the differences were 
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present for 60, 90,120,500, and 1000m downstream, and 30,90,120, and 1000m buffers 

size upstream. 

Figures 55, 56, and 57 show the boxplots for May 2017, May 2018, and June 

2019, respectively. Figure 55 indicates that in May 2017, there were significant 

differences between intact and failed SWCS. These differences were only for the 

structures (water control and rock gabions) with 60,90,500, and 1000m downstream, and 

30,90,120, and 1000 m buffer sizes upstream. Figure 56 reveals that in May 2018, the 

structures and water spreaders manifested significant differences between intact and 

failed SWCS. For the structures (water control and rock gabions) the differences were 

present at 60,90,500, and 1000m downstream as well as 30,90,120, and 1000m buffer 

sizes upstream. The water spreaders had differences for 90 and 1000m downstream, and 

30,60, and 90m buffer sizes upstream. The t-test results for FCGG values in June 2019 

(Figure 57) revealed that there were significant differences between intact and failed 

SWCS for structures (water control and rock gabions) and water spreaders. The structures 

expressed significant differences for 60, 90, 500 and 1000 downstream; and 30, 90, 120, 

and 1000m buffers size upstream. For the water spreaders, the significant differences 

were at 60, 90, 500, and 1000m buffer sizes downstream. 
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Figure 52. Planet Scope Fraction Cover of Green Grass values for the SWCS with different downstream (d.30m to d.100m) and 
upstream (u.30m to u.1000m) buffers sizes on the BANWR in August 2017. The SWCS are presented as A) dams, B) dikes, C) 
structures (water control and rock gabions), or D) water spreaders. The Fraction Cover values were higher in the intact than in the 
failed SWCS. All the SWCS do not show significant differences between intact and failed SWCS. The asterisks in red represent the 
outlier values 
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Figure 53. Planet Scope Fraction Cover of Green Grass values for the SWCS with different downstream (d.30m to d.100m) and 
upstream (u.30m to u.1000m) buffers sizes on the BANWR in August 2018. The SWCS are presented as A) dams, B) dikes, C) 
structures (water control and rock gabions), or D) water spreaders. The intact had higher values for FCGG than failed SWCS. The t-
test results showed that D) water spreaders presented significant differences between intact and failed SWCS (blue asterisks); 
however, the other SWCS do not have significant differences (ns in blue). The outlier FCGG values are represented by a red asterisk. 
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Figure 54. Planet Scope Fraction Cover of Green Grass values for the intact and failed SWCS with different downstream (d.30m to 
d.100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in September 2019. The SWCS are presented as A) dams, B) 
dikes, C) structures (water control and rock gabions), or D) water spreaders. All the SWCS had higher FCGG values in the intact than 
in the failed SWCS. The exception was B) the dikes, which showed the opposite trend. The t-test results revealed that B) dams with a 
120m buffer upstream and downstream, and the buffer of 500m upstream presented significant differences (blue asterisks). 
C)Structures presented significant differences between intact and failed SWCS at 60, 90, 120,500, and 1000 m downstream as well as 
30,90,120, and 1000m upstream. The red asterisk represents the NDVI outlier values 
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Figure 55. Planet Scope Fraction Cover of Green Grass values for the intact and failed SWCS with different downstream (d.30m to 
d.100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in May 2017. The SWCS are presented as A) dams, B) dikes, 
C) structures (water control and rock gabions), or D) water spreaders. The t-test results exhibited significant differences in C) 
structures (water control and rock gabions) highlighted with blue asterisks but only in the downstream SWCS for 60,90, 500, and 1000 
m buffer sizes and upstream SWCS at 30,90,120, and 100m buffer sizes. All the other buffer sizes for the structures do not present 
significant differences (ns in blue). The FCGG outliers values are represented by a red asterisk 
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Figure 56. Planet Scope Fraction Cover of Green Grass values for the intact and failed SWCS with different downstream (d.30m to 
d100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in May 2017. The SWCS are presented as A) dams, B) dikes, 
C) structures (water control and rock gabions), or D) water spreaders. The intact showed higher FCGG values than failed SWCS. The 
t-test results exhibited significant differences in C) Structures in the downstream for 60,90,500, and 1000m buffer size and in the 
upstream for 30, 90,120, and 1000m buffer sizes. D) water spreaders showed significant differences between intact and failed SWCS 
but only in the downstream for 90 and 1000, and in the upstream for 30, 60, and 90 m buffer sizes. All the other SWCS do not present 
significant differences in the FCGG values between intact and failed. 
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Figure 57. Planet Scope Fraction Cover of Green Grass values for the intact and failed SWCS with different downstream (d.30m to 
d100m) and upstream (u.30m to u.1000m) buffers sizes on the BANWR in June 2019.The SWCS are presented as A) dams, B) dikes, 
C) Structures (water control and rock gabions), and D) water spreaders. The intact and failed SWCS showed similar FCGG values. 
The exception was B) dikes, where the FCGG values are higher in the failed than in the intact SWCS. The t-test results revealed that 
C) structures showed significant differences for downstream in 60, 90,500, and 1000 m buffer size as well as upstream 30,90,120, and 
1000m. D) Water spreaders presented significant differences in the downstream for 60, 90,500. All the other buffer sizes for water 
spreaders as well as the other SWCS do not present significant differences between intact and failed SWCS for the FCGG values (ns 
in blue).
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V. CONCLUSIONS  
The present study assessed that the soil and water conservation structures effect 

on vegetation is more evident during the wet season than in the dry season. A novel 

aspect of this study was the use of high spatial and temporal resolution PlanetScope (3m 

daily) and UAV imagery (3.7 cm; dry and wet season 2019). The assessment was 

conducted by developing LULCC maps, landscape metrics, NDVI, and Fraction Cover of 

Green Grass (FCGG) for the floodplain and upland SWCS on the BANWR. The 

determination of Fraction Cover of Green Grass is difficult in semi-arid lands because 

that grass greenness is associated with the wet season, and the satellites with a coarse 

resolution like Landsat or MODIS generally represent a cover mixture for all pixels. The 

research contributions include the Fraction Cover of Green Grass determination in the 

wet season combining high spatial resolution imagery (3.7 cm and 3m), other studies 

have reported shrubs cover during the dry season using NAIP and Landsat imagery (1m 

and 30m).  

The use of remote sensing (RS) has used different approaches to monitor and 

examine vegetation change, including LULCC studies, vegetation indices (VI), and 

fractional vegetation cover (FVC) using coarse and high-resolution imagery. 

Better planning, management, and decision-making process for the protected 

areas will enable having data sources like high-resolution LU/LC maps. Consequently, it 

is essential to create LU/LC maps derived from updated and high spatial and temporal 

resolutions. The present study performed a Land Cover Classification of the BANWR 

during the 2017-2019 dry and wet seasons. The classification used the imagery of the 

entire BANWR at two levels the entire BANWR that includes PlanetScope imagery and 
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at Soil Water Conservation Structures (SWCS) considering four sites that were flown in 

June and August 2019. A CART classification was conducted for both PlanetScope and 

UAV imagery to get Land cover maps.  

In arid regions like the southwestern U.S., where the BANWR is located, it is 

essential to maintain SWCSs to preserve soil moisture that can be used for vegetation. As 

a result, there would be more vegetation cover that reduces runoff speed and increases 

infiltration in the areas closest to the SWCSs. 

The results of this research showed that the soil and water conservation structures 

(SWCS) located across the BANWR are an important component in the management 

plan of the protected area. The higher values for NDVI and Fraction Cover Green 

Vegetation for the floodplain SWCSs compared to the upland SWCSs indicate a positive 

structure effect on the remotely sensed vegetation during the wet seasons. This effect is 

more pronounced in the intact water spreaders located in the floodplains, which presented 

the highest values for NDVI and Fraction Cover of Green Grass increases in green-up 

during the wet seasons. This is due to more soil moisture availability close to the 

structures than in the entire BANWR. There must have been runoff to have an SWCS 

impact on vegetation. Therefore, in years with very little rainfall, there is little runoff. As 

a result, there is no large difference between floodplain and upland SWCSs. 

The soil and water conservation structures were built to store water or reduce 

erosion. They contribute to increased soil moisture and enhanced vegetation conditions 

(e.g. intact water spreaders in the flood plain). However, if they are not maintained, the 

SWCSs that are breached or flanked represent a potential problem because they modify 

and concentrate flow paths, which results in localized incisions. Therefore, it is important 



 

211 

to maintain an SWCS throughout its life to improve the vegetation conditions and reduce 

the potential erosion caused by concentrated runoff. 

A. Land Use Land Cover Change for dry and wet seasons 2017,2018 and 2019. 
The overall accuracy was over 90% for all the Land cover maps used in the 

LULCC study. The LULCC determined that there was an increase in grass/desert 

vegetation cover during the wet season, which is related directly to the water availability 

associated with the rainfall. As a result, the amount of bare soil cover decreased during 

the monsoon. Land cover maps showed that increases in the grass/desert vegetation were 

linked to the SWCS located in the floodplain, mainly water spreaders, and to the rainfall 

that occurred during the Monsoon. 

During the dry season, the extent of grass/desert vegetation for the BANWR 

increased from 68 percent in May 2017 to 89 percent in Jun 2019. In contrast, the bare 

soil cover type extent decreased from 11 to 6 percent between May 2017 and Jun 2019.  

The extent of shrubs/trees extend presented a decrease between May 2018 and June 2019 

from 20 to 4 percent. 

For the wet season, the extent of bare soil for the BANWR represented 10 percent 

in August 2017, and by September 2019, it was 17 percent of the total land cover. The 

grass/desert vegetation cover type had a small decrease between August 2017 and August 

2018 from 78 percent to 73 percent, whereas there was an increase between May 2018 

and June 2019 from 73 to 78 percent. The extent of the shrubs/trees decreases from 11 to 

4 percent between August 2017 and September 2019. 

More specifically, changes detected showed that rainfall is a significant factor for 

changes in short periods. For example, there was an increase in grass/desert vegetation 
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between May and August 2017, which was the timeframe with the highest precipitation 

and NDVI values. Conversely, there were increased bare soil areas in 2018 and 2019, 

which presented lower rainfall and NDVI values than in 2017. 

High-resolution imagery allows developing accurate land cover maps, which are 

useful to determine land cover changes. These changes are more noticeable in the wet 

season because they can be detected by the NDVI index, which is more responsive to the 

rainfall and is associated with increases in vegetation cover. Accurate Land cover maps 

contribute to the best measure of the landscape metrics addressing adequate data 

acquisition and accuracy assessment needs in the landscape ecology research (Wu and 

Hobbs, 2002). 

The class shrubs/trees decreased from May to August 2017 and 2018, however 

from an ecological process it is not possible. Some explanations include the number of 

validation sites, different landscape conditions, the spatial resolution of Planet Scope, and 

small shrubs phenology. The decrease of shrubs/trees class in the validation sites could be 

due to the small number of validation sites used to create the training sites used in the 

CART classification. These validation sites may be are not representative of all the 

vegetation conditions in the entire BANWR. Another reason is the different landscape 

conditions in the BANWR that are affected by the diverse elevation and soil types that 

influenced the vegetation in the area. The spatial resolution of Planet Scope (3m) maybe 

is not sufficient to detect small shrubs. We observed a decrease in the percent of 

shrubs/trees cover in three of four validation sites for both UAV and Planet Scope CART 

Classifications. The phenology of small shrubs could be affected by the winter rainfall in 
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2017 and 2018, promoting an early green-up in May and then some species when the soil 

moisture and humidity are scarce change leaves color as to reduce the evapotranspiration.  

The UAV-Planet Scope cross-validation showed that the shrubs/trees class decrease 

between May and August 2017 and 2018 for three of the four validation sites. This can be 

explain partially the decrease in the percent of cover extent from 20 to 11 % in 

shrubs/trees class from May to August 2017 and 2018. Calculating the percentage of 

small and large shrubs using the Canopy Height Mode derived from LiDAR proved that 

the Planet Scope sensor presented problems to detect shrubs/trees between 0.5 to 2.0 m 

height. This can explain in part the decrease in shrubs/trees percentage from May to 

August when the climate conditions were dry. Additionally, certain attributes of woody 

perennial vegetation present small interannual variation for instance plants density. In 

contrast, other characteristics such as flowering, fruit production and more importantly, 

leaf cover, show greater variations over time especially in dry years. (Hardy, et al., 2004). 

McClaran (2003) found that small shrubs disappear during dry periods in the Santa Rita 

Experimental Range which is a similar rangeland system as the BAWR. Also, in general 

small shrubs without leaves represent a challenge because they are difficult to see in 

imagery and they can die off quicker in a drought situation. The data and methodology 

selected for this research cannot detect small shrubs, tall shrubs, or small trees in the 

shrubs/trees class resulting in a decrease from May to August in 2017 and 2018. An 

alternative to solve this problem in future studies is to use more classes that separate 

shrubs and trees into different classes as well as look for a sensor with a higher resolution 

than Planet Scope. Additionally, a stratified random sampling methodology representing 
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all the different vegetation on the BANWR must be considered to select the training and 

validation sites to obtain a higher accuracy in the land cover maps.  

B. Landscape metrics at BANWR and SWCS.  
Calculating the class and landscape-level metrics used in this study enabled us to 

interpret the spatial processes in 2017, 2018, and 2019 for the bare soil, grass/desert 

vegetation, and shrubs/trees classes at BANWR and SWCS levels. The different land 

cover classes fragmentation could be inferred by evaluating the Number of Patches (NP) 

and Splitting Index (SPLIT) parameters. Frohn (2006) found that landscape metrics 

identified patches of spatial patterns on the landscape such as measures of fragmentation, 

density, clumping, asymmetry, core-area, and compactness. Kumar et al. (2018) 

confirmed watershed fragmentation using landscape and class level metrics. Our study 

found there was more fragmentation in the dry season (May and June) than in the wet 

season (August and September) due to the amount of rainfall that occurred during the 

monsoon.  

Class-level metrics, such as the mean patch area (AREA_MN), Coefficient of 

Variation of Patch Area (AREA_CV), and Core Area Percentage of Landscape 

(CPLAND), showed an increased in the relative change from dry to wet season during 

the 2017-2019 period for the classes grass/desert vegetation and shrubs/trees. However, 

these parameters showed a decrease in the bare soil class. The Coefficient of Variation 

Core Area Index (CVCAI), which was the other class-level metric considered in the 

study, presented a decrease in the relative change for the grass/desert vegetation and 

shrubs classes. At the same time, there was an increase in the relative change for the bare 

soil class. The increase in the mean patch area (AREA_MN) from the dry to the wet 
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season is an improvement indicator of the vegetation condition, which can be explained 

due to vegetative cover increases as a result of the amount of rainfall that occurred during 

the monsoon.  

The landscape-level metrics like Number of Patches (NP), Shannon’s Diversity 

Index (SHDI), and Splitting Index (SPLIT) revealed an increase in the relative change 

from the dry to the wet season for the 2017-2019 timeframe. In contrast, the Contagion 

showed the biggest relative change from August to May in 2017. However, the relative 

change decreased for this parameter for 2018 and 2019. The landscape-level metrics 

results showed that they are affected considerably for the amount of rainfall that occurred 

during the year. For example, the Number of Patches decreased from the dry to the wet 

season in 2017, which had the highest rainfall in the 2017-2019 timeframe. In contrast, 

the Number of Patches increased from June to August 2019, which had the lowest rainfall 

amount in the period of study. The number of patches, an indicator of landscape 

fragmentation, is affected by soil moisture, which presents less variability close to the 

SWCSs than in the BANWR. Consequently, there is less variability in patch size at the 

SWCS compared to the BANWR level.  

Class-level and Landscape metrics have a direct relationship with the amount of 

rainfall, resulting in an increase of the mean patch area from the dry to the wet season in 

years when an adequate amount of rainfall occurs. The monsoon rainfall contributes to 

plants and grasses growing, which results in increases in the cover and decreases in the 

number of patches. In contrast, the number of patches would be higher in the dry season 

(May) than in the wet season (August) in years with scarce rainfall.  
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According to the class-level and landscape-metrics, the landscape fragmentation 

was higher in the BANWR than in the SWCS’ locations, because there was more soil 

moisture variability across the BANWR than around the SWCS. One of the reasons the 

structures were put in place was to increase soil moisture. Thus, there was less variability 

in the patch area and a higher mean patch area close to the SWCS.  

Also, there was more fragmentation in the dry season (May and June) than in the 

wet season (August and September). Furthermore, the fragmentation was related to the 

amount of rainfall that occurred during the monsoon.  

It will be essential to better manage the BANWR area using landscape metrics 

because landscape patterns can explain the spatial arrangements of the habitats or 

communities. Turner (1990) stated that landscape patterns may affect the distribution and 

persistence of populations, the spread of disturbance, and the flow of material such as 

sediment or nutrients. The SWCSs located in the floodplains could require more attention 

because most of the sediments, nutrients, and runoff coming from the uplands are 

concentrated in these areas. These materials can have multiple benefits, for instance, they 

improve vegetation cover, increase infiltration, reduce runoff speed, and as a result, 

decrease erosion. 

C. Landscape metrics for intact and failed SWCS. 
The class-level metrics (Mean Patch area, CV Patch Area, Core Area Percentage, 

and CV of Core Area Index) presented more patchiness in the intact than failed 

structures. This trend was more noticeable in the SWCS located in the floodplain than in 

the upland. The amount of rainfall affects the class-level metrics; in 2019 that presented 

the lowest rainfall the values were higher for AREA_MN in the dry and wet season for 
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the failed than intact structures. Consequently, the lower Mean Patch Area and high CV 

Patch area are associated with more patchiness for the intact than failed structures in both 

floodplain and upland. The higher number of patches in the intact structures contributes 

to having a higher species richness. Fahrig (2013) reviewed thirteen observational studies 

related to single large or several small patches and found that several small patches had 

higher species richness than a single large patch of the same total area. Therefore, there 

are more species in numerous small patches than a single patch with equal areas. 

The landscape-level metrics (Number of Patches, Shannon’s Diversity Index, and 

Splitting Index) presented higher values for the intact than failed SWCS for both 

locations, floodplain and upland. The number of patches and, as a result, the vegetation 

cover affects soil erosion, because vegetation intercepts rainfall decreasing the splash 

effect and controlling the surface runoff. The interception of rainfall by vegetation 

reduces the erosion effect. Another effect of the vegetation on soil erosion is the ability to 

change the runoff and sediment yield contribution. 

 

D. Normalized Difference Vegetation Index and Fraction Green Grass Cover 

for different buffers size in the floodplain and upland SWCS in wet and dry 

seasons 2017, 2018, and 2019. 

The hypothesis that SWCSs located in floodplains present higher NDVI and 

fractional vegetation cover values than the SWCSs in uplands was confirmed. Statistical 

analysis (t-test and ANOVA) showed that flood plain SWCSs presented significant 

differences with upland SWCSs regarding NDVI and fraction cover values. In general, 

NDVI values were higher in August than in May due to more soil moisture availability 
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for plants, whose primary source was the rainfall that occurred during the monsoon 

season. Also, in August, the SWCS’ effects on vegetation were more evident because the 

buffers downstream manifested the highest NDVI during the year. These results are 

similar to a study conducted by Norman et al. (2014), who discovered that NDVI values 

have a relationship with an increase in green-up for the sites where the gabions were 

installed. van Leeuwen et al. (2010a) found that desert communities showed seasonal 

peaks in NDVI, which confirms our findings related to higher NDVI values in the 

floodplains during the wet seasons. Villarreal et al. (2016) in a study conducted in the 

BANWR reported that NDVI presents variations over time in response to dry/wet 

seasons. 

The results revealed that the floodplain Soil and Water Conservation Structures 

(SWCS) presented higher NDVI and Fraction Cover of Green Grass (FCGG) values than 

the upland SWCS for all buffer sizes (30, 60, 90, 120, 500, and 1000 m) during years 

with an adequate amount of rainfall, i.e., 2017. These differences are more evident during 

the wet season than in the dry season. The relationship between the higher NDVI and 

Fraction Cover of Green Grass values was reported by Carlson & Ripley (1997) using 

simulations. Moreover, a study conducted by Riihimäki et al. (2019) found that UAV-

derived Fraction Vegetational Cover was strongly related to VIs derived from Planet 

Scope and other medium-resolution imagery. 

It would be critical to study the SWCS FVCs in the BANWR’s floodplains and 

uplands because Fraction Vegetational Cover is a key ecological index for vegetation 

dynamics in the dryland ecosystems. Therefore, using UAV and fine resolution imagery 

for larger timeframes to monitor phenology, coverage, and species distribution will 
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provide more information to implement actions that lead to improved vegetation 

conditions in the BANWR. 

 

E. Normalized Difference Vegetation Index and Fraction Green Grass Cover 

for different SWCS position, type, and condition in wet and dry seasons 

2017, 2018, and 2019. 

The hypothesis about the effects of SWCS' position, type, and condition on the 

vegetation was confirmed. The type of SWCS (dam, dike, water control, rock gabion, or 

water spreaders), as well as their position (floodplain or upland) in the terrain, influenced 

the NDVI and FCGG values which could be associated with improving vegetation 

conditions. For instance, the water spreaders presented significant differences between 

the floodplain and upland SWCS for NDVI values during all the wet and dry seasons in 

2017, 2018, and 2019.The study conducted by Nichols et al. (2017) reported that earthen 

water spreaders contributing to runoff retention that improved vegetative cover in the 

floodplains In contrast, all the other SWCSs do not present significant differences during 

the same timeframe. 

The variables type and position of the SWCS had different effects on the Fraction 

Cover of Green Grass (FCGG) values than in the NDVI values. For the Fraction Cover of 

Green Grass, the type and position effects were more evident in the years when the wet 

season had a significant amount of rainfall, manifesting in the highest differences 

between the flood plain and upland SCWS for the Fraction Cover of Green Grass values. 

However, there were no marked differences in the years with scarce rainfall (2018 and 
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2019), where the water spreaders only presented significant differences in some buffer 

sizes. 

The NDVI values computed for the SWCS showed that the floodplain presented 

higher NDVI values than the upland, the t-test and ANOVA demonstrated significant 

differences in the wet season (August and September) in the years with more rainfall 

during the monsoon. In contrast, the upland showed higher NDVI values than the 

floodplain SWCS in the dry season. However, the t-test and ANOVA revealed that these 

differences were not significant for almost all the SWCS. These results confirm findings 

by Sayre (2002) related to the alluvial floodplains in the BANWR being the most 

productive grassland. 

Analysis of variance for the NDVI values showed that variables Position (flood 

plain and upland), Type (dam, dike, structure, water spreaders), and Condition (intact, 

breach, flank) were significant in both May and August 2017 and 2018 as well as August 

2019. 

The Fraction Cover of Green Grass (FCGG) values calculated revealed that the 

floodplain showed higher than the upland SWCS during the wet season. However, the t-

test statistics revealed that the difference for fraction cover of green grass was only 

significant for the water spreaders during the period of study. In the dry season, the t-test 

showed that there were no significant differences between the FCGG values for the 

floodplain and upland SWCS. 

Analysis of variance for the Fraction Cover of Green Grass showed that variables 

Position, Type, and Condition were significant in both May and August 2017 and 2018 as 

well as September 2019, whereas in June 2019, Position and Type. 
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This study’s results confirmed the hypothesis that NDVI and Fraction Cover of 

Green Grass values were higher in the wet seasons than in the dry seasons because the 

NDVI values in the wet seasons ranged from 0.2 to 0.6, while in the dry seasons, they 

ranged from 0.0 to 0.4. For the FCGG in the wet seasons, the values ranged from 0 to 

100, whereas in the dry seasons, they ranged from 0 to 50. 

The ANOVA and Tukey statistics test showed that there were significant 

differences between intact and failed SWCS for NDVI and Fraction Green Grass Cover. 

Overall, there were significant differences between intact and failed structures for the 

structures (water control and rock gabions) and water spreaders for both wet (August and 

September) and dry (May and June) seasons during the period of study. However, these 

differences between intact and failed SWCS were higher in May and August 2018 which 

presented the highest annual rainfall during the period of study.  

One of the contributions of my study was to calculate the Fraction Cover of Green 

Grass using fine resolution UAV and Planet Scope imagery.  Because it is challenging to 

map woody and grassland cover in the dryland using coarse satellite imagery that 

presents a mixture of pixels, another advantage of using UAV according to some studies 

is that image-based FVC estimation showed better accuracy than traditional ground 

methods. (McNeil et al., 2016; Rasmussen et al., 2016; Wallace et al., 2017). 

It would be essential to consider a maintenance plan for the SWCSs in the 

BANWR because intact structures contribute to better vegetation conditions, which are 

reflected in good landscape health and less erosion. The SWCSs allow trapping water, 

sediments, and nutrients; they also reduce runoff and increase infiltration that augments 

soil moisture, and as a result, vegetation cover as well. In contrast, the failed SWCSs had 
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a negative impact on vegetation. Increasing SWCS failures (breaches or flanks) threatens 

soil, water, and habitat resources. The uniqueness of the southwestern U.S. watersheds, 

which present short duration and high intensity rainfall that sometimes exceed infiltration 

capacity, the larger the overland flow velocity, the greater the sediment transport 

potential. As a result, once an SWCS is breached and concentrated flow pours through 

the small opening, incision occurs rapidly. If not mitigated, the small incision develops 

into a gully. 

Studies have also found that in arid and semi-arid environments, human-made 

water structures can increase animal richness (Bock, 2015; Cutler & Morrison 1998; 

Hardy et al., 2004; O’Brien et al., 2006; Tanner et al., 2015). Water structures not only 

increase available surface water for drinking, but as seen in this study, they increase 

biomass production and increase habitat diversity. Intact structures saw higher NDVI 

values and higher levels of vegetation diversity based on the landscape metrics. For 

example, the fraction of green grass cover showed significant differences between intact 

and failed structures in May and August 2017, August 2018, and September 2019. These 

differences between intact and failed structures were significant for water control, rock 

gabions, and water spreaders. These types of structures presented higher NDVI values for 

the intact than the failed. The landscape metrics, including class (Mean Patch area, CV 

Patch Area, Core Area Percentage, and CV of Core Area Index) and landscape (Number 

of Patches, Shannon’s Diversity Index, and Splitting Index), showed more patchiness in 

the intact than the failed structures, the former representing an increase in habitat 

diversity. 
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The importance of water as a limiting resource in the semiarid and arid rangelands 

has been indicated for wildlife habitats (Rosentock et al., 1999). Therefore, it will be 

important to identify the value of water and soil conservation structures to wildlife to 

determine if the structures should be maintained when they begin to deteriorate. The 

importance of soil and water conservation structures is related to increasing species 

richness associated with expanding shrubs/trees vegetation cover close to these 

structures. 

     Future studies must include getting UAV imagery from more sites across the 

BANWR to having a better FCGG based on sites that represent the different vegetation 

conditions as well as the SWCS type and position. Also, multi-temporal data from 

different years will be necessary to assess the historical impact of the SWCS on the 

vegetation condition in the BANWR. 
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SUPPLEMENTARY INFORMATION 

Table 47. PlanetScope scenes for study area for May and August 2017 used for NDVI calculation and CART 
classification. 

PlanetScope Identifier PlanetScope dates and 
Timeline 

20170527_171812_1036/20170527_171812_1036_3B_AnalyticMS.SR.tif 
20170527_171813_1036/20170527_171813_1036_3B_AnalyticMS_SR.tif 
20170527_171814_1036/20170527_171814_1036_3B_AnalyticMS_SR.tif 
20170527_171910_101d/20170527_171910_101d_3B_AnalyticMS_SR.tif 
20170527_171912_101d/20170527_171912_101d_3B_AnalyticMS_SR.tif 
20170527_171913_101d/20170527_171913_101d_3B_AnalyticMS_SR.tif 
20170527_171914_101d/20170527_171914_101d_3B_AnalyticMS_SR.tif 
20170527_171915_101d/20170527_171915_101d_3B_AnalyticMS_SR.tif 
20170527_171916_101d/20170527_171916_101d_3B_AnalyticMS_SR.tif 
20170527_171917_101d/20170527_171917_101d_3B_AnalyticMS_SR.tif 
 

27-May-2017 

20170828_172106_1040/20170828_172106_1040_3B_AnalyticMS_SR.tif 
20170828_172107_1040/20170828_172107_1040_3B_AnalyticMS_SR.tif 
20170828_172108_1040/20170828_172108_1040_3B_AnalyticMS_SR.tif 
20170828_172109_1040/20170828_172109_1040_3B_AnalyticMS_SR.tif 
20170828_172110_1040/20170828_172110_1040_3B_AnalyticMS_SR.tif 
20170828_172111_1040/20170828_172111_1040_3B_AnalyticMS_SR.tif 
20170828_172208_1006/20170828_172208_1006_3B_AnalyticMS_SR.tif 
20170828_172209_1006/20170828_172209_1006_3B_AnalyticMS_SR.tif 
20170828_172210_1006/20170828_172210_1006_3B_AnalyticMS_SR.tif 
20170828_172211_1006/20170828_172211_1006_3B_AnalyticMS_SR.tif 
20170828_172212_1006/20170828_172212_1006_3B_AnalyticMS_SR.tif 
20170828_172213_1006/20170828_172213_1006_3B_AnalyticMS_SR.tif 

28-Aug-2017 
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20170828_182754_0f47/20170828_182754_0f47_3B_AnalyticMS_SR.tif 
20170828_182755_0f47/20170828_182755_0f47_3B_AnalyticMS_SR.tif 
20170828_182756_0f47/20170828_182756_0f47_3B_AnalyticMS_SR.tif 
20170828_182757_0f47/20170828_182757_0f47_3B_AnalyticMS_SR.tif 
20170828_182758_0f47/20170828_182758_0f47_3B_AnalyticMS_SR.tif 
20170828_182759_0f47/20170828_182759_0f47_3B_AnalyticMS_SR.tif 
20170828_182823_0f53/20170828_182823_0f53_3B_AnalyticMS_SR.tif 
20170828_182824_0f53/20170828_182824_0f53_3B_AnalyticMS_SR.tif 
20170828_182825_0f53/20170828_182825_0f53_3B_AnalyticMS_SR.tif 
20170828_182826_0f53/20170828_182826_0f53_3B_AnalyticMS_SR.tif 
20170828_182827_0f53/20170828_182827_0f53_3B_AnalyticMS_SR.tif 
20170828_182828_0f53/20170828_182828_0f53_3B_AnalyticMS_SR.tif 
20170828_183101_0f54/20170828_183101_0f54_3B_AnalyticMS_SR.tif 
20170828_183102_0f54/20170828_183102_0f54_3B_AnalyticMS_SR.tif 
20170828_183103_0f54/20170828_183103_0f54_3B_AnalyticMS_SR.tif 
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Table 48. PlanetScope scenes for study area for May and August 2018 used for NDVI calculation and CART 
classification. 

PlanetScope Identifier PlanetScope dates and 
Timeline 

 
20180529_173346_0f18/20180529_173346_0f18_3B_AnalyticMS_SR.tif 
20180529_173347_0f18/20180529_173347_0f18_3B_AnalyticMS_SR.tif 
20180529_173348_0f18/20180529_173348_0f18_3B_AnalyticMS_SR.tif 
20180529_173349_0f18/20180529_173349_0f18_3B_AnalyticMS_SR.tif 
20180529_173350_0f18/20180529_173350_0f18_3B_AnalyticMS_SR.tif 
20180529_173351_0f18/20180529_173351_0f18_3B_AnalyticMS_SR.tif 
20180529_173352_0f18/20180529_173352_0f18_3B_AnalyticMS_SR.tif 
20180529_173502_100c/20180529_173502_100c_3B_AnalyticMS_SR.tif 
20180529_173503_100c/20180529_173503_100c_3B_AnalyticMS_SR.tif 
20180529_173504_100c/20180529_173504_100c_3B_AnalyticMS_SR.tif 
20180529_173505_100c/20180529_173505_100c_3B_AnalyticMS_SR.tif 
20180529_173506_100c/20180529_173506_100c_3B_AnalyticMS_SR.tif 
20180529_173507_100c/20180529_173507_100c_3B_AnalyticMS_SR.tif 
 

29-May-2018 

 
20180812_173602_103c/20180812_173602_103c_3B_AnalyticMS_SR.tif 
20180812_173603_103c/20180812_173603_103c_3B_AnalyticMS_SR.tif 
20180812_173705_101b/20180812_173705_101b_3B_AnalyticMS_SR.tif 
20180812_173706_101b/20180812_173706_101b_3B_AnalyticMS_SR.tif 
20180812_173707_101b/20180812_173707_101b_3B_AnalyticMS_SR.tif 
20180812_173708_101b/20180812_173708_101b_3B_AnalyticMS_SR.tif 
20180812_173709_101b/20180812_173709_101b_3B_AnalyticMS_SR.tif 
20180812_173710_101b/20180812_173710_101b_3B_AnalyticMS_SR.tif 
20180812_173749_1051/20180812_173749_1051_3B_AnalyticMS_SR.tif 
20180812_173750_1051/20180812_173750_1051_3B_AnalyticMS_SR.tif 

12-Aug-2018 
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20180812_173751_1051/20180812_173751_1051_3B_AnalyticMS_SR.tif 
20180812_173752_1051/20180812_173752_1051_3B_AnalyticMS_SR.tif 
20180812_173753_1051/20180812_173753_1051_3B_AnalyticMS_SR.tif 
20180812_173754_1051/20180812_173754_1051_3B_AnalyticMS_SR.tif 
20180812_173755_1051/20180812_173755_1051_3B_AnalyticMS_SR.tif 
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Table 49. PlanetScope scenes for study area for June and September 2019 used for NDVI calculation and CART 
classification. 

PlanetScope Identifier PS dates and 
Timeline 

20190605_165338_1054/20190605_165338_1054_3B_AnalyticMS_SR.tif 
20190605_165339_1054/20190605_165339_1054_3B_AnalyticMS_SR.tif 
20190605_165340_1054/20190605_165340_1054_3B_AnalyticMS_SR.tif 
20190605_165341_1054/20190605_165341_1054_3B_AnalyticMS_SR.tif 
20190605_165342_1054/20190605_165342_1054_3B_AnalyticMS_SR.tif 
20190605_165343_1054/20190605_165343_1054_3B_AnalyticMS_SR.tif 
20190605_165344_1054/20190605_165344_1054_3B_AnalyticMS_SR.tif 
20190605_174213_1032/20190605_174213_1032_3B_AnalyticMS_SR.tif 
20190605_174214_1032/20190605_174214_1032_3B_AnalyticMS_SR.tif 
20190605_174215_1032/20190605_174215_1032_3B_AnalyticMS_SR.tif 
20190605_174455_0f3f/20190605_174455_0f3f_3B_AnalyticMS_SR.tif 
20190605_174456_0f3f/20190605_174456_0f3f_3B_AnalyticMS_SR.tif 
20190605_174457_0f3f/20190605_174457_0f3f_3B_AnalyticMS_SR.tif 
20190605_174458_0f3f/20190605_174458_0f3f_3B_AnalyticMS_SR.tif 
20190605_174459_0f3f/20190605_174459_0f3f_3B_AnalyticMS_SR.tif 
20190605_174501_0f3f/20190605_174501_0f3f_3B_AnalyticMS_SR.tif 
20190605_174502_0f3f/20190605_174502_0f3f_3B_AnalyticMS_SR.tif 

5-Jun-2019 

20190903_174505_1029/20190903_174505_1029_3B_AnalyticMS_SR.tif 
20190903_174506_1029/20190903_174506_1029_3B_AnalyticMS_SR.tif 
20190903_174507_1029/20190903_174507_1029_3B_AnalyticMS_SR.tif 
20190903_174508_1029/20190903_174508_1029_3B_AnalyticMS_SR.tif 
20190903_174509_1029/20190903_174509_1029_3B_AnalyticMS_SR.tif 
20190903_174510_1029/20190903_174510_1029_3B_AnalyticMS_SR.tif 
20190903_174511_1029/20190903_174511_1029_3B_AnalyticMS_SR.tif 
20190903_174636_1009/20190903_174636_1009_3B_AnalyticMS_SR.tif 

3-Sep-2019 
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 20190903_174637_1009/20190903_174637_1009_3B_AnalyticMS_SR.tif 
20190903_174638_1009/20190903_174638_1009_3B_AnalyticMS_SR.tif 
20190903_174639_1009/20190903_174639_1009_3B_AnalyticMS_SR.tif 
20190903_174640_1009/20190903_174640_1009_3B_AnalyticMS_SR.tif 
20190903_174641_1009/20190903_174641_1009_3B_AnalyticMS_SR.tif 
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APPENDIX A. ERROR MATRIX 

Table 50. Error Matrix for Site 1 for UAV imagery acquired on June 7, 2019 

BANWR Site 2 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs/ 

Trees  
Total Producer's 

error 
Omission 

Error 

Bare Soil 169694 0 11610 21 0 181325 93.6 6.4 
Green Grass 0 11826 635 49 30 12540 94.3 5.7 
Senescence 13147 880 195031 2713 0 211771 92.1 7.9 
Shadows 0 117 1332 41417 1072 43938 94.3 5.7 
Shrubs/ 
Trees 0 0 0 1789 148619 150408 98.8 1.2 

Total 182841 12823 208608 45989 149721 566587   
User's 
Accuracy  

92.8 92.2 93.5 90.1 99.264     

Commission 
error  

7.2 7.8 6.5 9.9 0.7 Overall 
Accuracy 94.4  
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Table 51. Error Matrix for Site 1 for UAV imagery acquired on August 27, 2019.   

BANWR Site 2 CART Classification Error Matrix  

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs/ 

Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 31362 0 933 117 0 32412 96.8 3.2 
Green Grass 0 3004 32 81 0 3117 96.4 3.6 
Senescence 1090 26 9894 1154 0 12164 81.3 18.7 
Shadows 121 70 1028 35699 2 36920 96.7 3.3 
Shrubs/ 
Trees 0 54 0 2 21174 21230 99.7 0.3 

Total 32573 3154 11887 37053 21176 101133   

User's Accuracy 96.3 95.2 83.2 96.3 99.991     
 
Commission 
error  

3.7 4.8 16.8 3.7 0.0 Overall 
Accuracy 95.6  
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Table 52. Error Matrix for Site 2 for UAV imagery acquired on June 7, 2019.  

 
BANWR Site 3 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs

/Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 8387 44 877 336 82 9726 86.2 13.8 
Green Grass 2 11 5 6 0 24 45.8 54.2 
Senescence 775 64 2146 471 130 3586 59.8 40.2 
Shadows 180 9 206 589 134 1118 52.7 47.3 
Shrubs/Trees 11 1 17 157 1116 1302 85.7 14.3 
Total 9355 129 3251 1559 1462 12249   
 
User's Accuracy 
  

89.7 8.5 66.0 37.8 76.334     

Commission 
error 
  

10.3 91.5 34.0 62.2 23.7 Overall 
Accuracy 77.7  
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Table 53. Error Matrix for Site 2 UAV imagery acquired August 27, 2019.  

BANWR Site 3 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs

/Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 7363 0 121 3 0 7487 98.3 1.7 
Green Grass 0 3137 60 14 35 3246 96.6 3.4 
Senescence 52 95 3451 178 0 3776 91.4 8.6 
Shadows 12 33 143 5576 9 5773 96.6 3.4 
Shrubs/Trees 0 20 0 1 13817 13838 99.8 0.2 
Total 7427 3285 3775 5772 13861 33344   

 
User's Accuracy 
 
  

99.1 95.5 91.4 96.6 99.683     

 
 
Commission 
error 
  

0.9 4.5 8.6 3.4 0.3 Overall 
Accuracy 97.7  
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Table 54. Error Matrix for Site 3 for UAV imagery acquired on June 7, 2019. 

BANWR Site 4 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs

/Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 40690 8 511 0 11 41220 98.7 1.3 
Green Grass 10 617 62 0 38 727 84.9 15.1 
Senescence 413 86 5437 0 16 5952 91.3 8.7 
Shadows 0 0 0 1659 109 1768 93.8 6.2 
Shrubs/Trees 11 153 11 266 83321 83762 99.5 0.5 
Total 41124 864 6021 1925 83495 131724   

 
User's Accuracy 
  

98.9 71.4 90.3 86.2 99.792     

 
Commission 
error 
  

1.1 28.6 9.7 13.8 0.2 Overall 
Accuracy 98.7  
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Table 55. Error Matrix for Site 3  for UAV imagery acquired on August 27, 2019. 

BANWR Site 4 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs

/Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 12164 3 107 0 0 12274 99.1 0.9 
Green Grass 0 3329 113 1 16 3459 96.2 3.8 
Senescence 116 92 1875 3 2 2088 89.8 10.2 
Shadows 2 3 16 2117 0 2138 99.0 1.0 
Shrubs/Trees 0 222 12 1 35498 35733 99.3 0.7 
Total 12282 3649 2123 2122 35516 54983   
 
User's Accuracy  

99.0 91.2 88.3 99.8 99.949     

 
 
Commission 
error 
  

1.0 8.8 11.7 0.2 0.1 Overall 
Accuracy 98.7  
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Table 56. Error Matrix for Site 4 for UAV imagery acquired on June 7, 2019. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

BANWR Site 5 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs/Trees Total Producer's 

error 
Omission 

Error 

Bare Soil 73554 48 1107 0 1 74710 98.5 1.5 
Green Grass 39 553 114 0 20 726 76.2 23.8 
Senescence 846 280 31600 13 1306 34045 92.8 7.2 
Shadows 0 0 5 778 231 1014 76.7 23.3 
Shrubs/Trees 0 66 638 641 171787 173132 99.2 0.8 
Total 74439 947 33464 1432 173345 278272   

User's Accuracy 98.8 58.4 94.4 54.3 99.101     

Commission 
error 1.2 41.6 5.6 45.7 0.9 Overall 

Accuracy 98.1  
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Table 57. Error Matrix for Site 4 for UAV imagery acquired on August 27, 2019. 

BANWR Site 5 CART Classification Error Matrix 

Classified 
category 

Bare 
Soil 

Green 
Grass Senescence Shadows Shrubs/ 

Trees Total Producer's 
error 

Omission 
Error 

Bare Soil 48045 32 1161 0 224 49462 97.1 2.9 
Green Grass 19 3072 291 28 2326 5736 53.6 46.4 
Senescence 1792 659 42666 1408 1353 47878 89.1 10.9 
Shadows 5 26 1375 7936 718 10060 78.9 21.1 
Shrubs/Trees 20 4393 593 795 1170889 1176690 99.5 0.5 
Total 49881 8182 46086 10167 1175510 1272608   

User's Accuracy 96.3 37.5 92.6 78.1 99.607     

Commission 
error 3.7 62.5 7.4 21.9 0.4 Overall 

Accuracy 98.7  
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Table 58 From-To change pixels (A) change in percentage for 2017, (B) 2018, and (C) 2019 from the wet to dry season in the 
BANWR. 

No Change      
New Grass/Desert Vegetation      
New Bare Soil      
New Shrubs/Trees      

A   To August 2017       

From May 2017   1 2 3 Total 

  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   
1 Bare Soil 7.53 3.84 0.11 11.48 
2 Grass/Desert Vegetation 2.09 66.33 0.05 68.47 
3 Shrubs/Trees 0.26 8.39 11.39 20.04 

  Total 9.88 78.57 11.55 100.00 
      

B   To August 2018       
From May 2018   1.00 2.00 3.00 Total 

  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   
1 Bare Soil 2.38 0.17 0.00 2.55 
2 Grass/Desert Vegetation 11.06 64.47 0.19 75.72 
3 Shrubs/Trees 2.31 8.42 11.00 21.73 

  Total 15.74 73.06 11.19 100.00 
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C   
To September 
2019       

From Jun 2019   1.00 2.00 3.00 Total 

  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   
1 Bare Soil 6.18 0.50 0.00 6.68 

2 Grass/Desert Vegetation 11.21 77.89 0.00 89.10 
3 Shrubs/Trees 0.00 0.00 4.22 4.22 

  Total 17.39 78.39 4.22 100.00 
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Table 59. From-To change pixels (A) change in the area (hectares) for 2017, (B) 2018, and (C) 2019 from the wet to dry 
season in the BANWR. 

No Change   1   
New Grass/Desert Vegetation   2   
New Bare Soil   3   
New Shrubs/Trees   4   
A   To August 2017       
From May 
2017   1 2 3 Total 
  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   

1 Bare Soil 3125 1593.9 45.1 4764.3 
2 Grass/Desert Vegetation 866.3 27517 22.5 28405.3 
3 Shrubs/Trees 107.4 3482.2 4725 8314.5 

  Total 4099 32592.6 4792.5 41484 
      

B   To August 2018       
From May 
2018   1 2 3 Total 
  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   

1 Bare Soil 986 71.3 1 1058.2 
2 Grass/Desert Vegetation 4586.5 26746 77.6 31409.8 
3 Shrubs/Trees 958.6 3493.2 4564 9016 

  Total 6531 30310.2 4642.8 41484 
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C   
To September 
2019       

From Jun 
2019   1 2 3 Total 

  Pixel Change Bare Soil Grass/Desert Vegetation Shrubs/Trees   
1 Bare Soil 2565 207.8 0 2772.8 
2 Grass/Desert Vegetation 4649.9 32313 0 36962.4 
3 Shrubs/Trees 0 0 1749 1748.8 

  Total 7214.9 32520.3 1748.8 41484 
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APPENDIX B.  UAV data based land cover maps for site two on the BANWR, August 27, 2019 

 

Figure 58. UAV data based land cover map for Site2 on the BANWR in Aug 27, 2019. Land cover map was created 
using CART algorithm using as sources UAV data based products that included orthomosaic, canopy height model, 
and green leaf index. 
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Figure 59. UAV data based orthomosaic for Site 2 on the BANWR, Aug 27, 2019. Orthomosaics derived from digital images 
taken by DJI Phantom 4 Professional were processed with Agisoft Metashape Software. 
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 Figure 60. UAV data based Green Leaf Index (GLI) for site2 on the BANWR August 27, 2019. Green Leaf Index was 
calculated using the bands red, green and blue. The formula for the GLI is ( (Green - Red) + (Green-Blue)) / ((2*Green) + 
Red + Blue) 
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Figure 61. UAV data-based Canopy Height Model for site 2 on the BANWR, August 27, 2019. The Canopy Height 
Model was obtained using a Digital Terrain Model (DTM) and a Digital Surface Model (DSM) both created in Agisoft 
metashape using the images taken by DJI Phantom 4.
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APPENDIX C. Fire History on the BANWR 

Figure 62. BANWR fire history events from 2006 to 2010.  The legend shows the natural 
and prescribed fire events. The largest wildfire was the Elkhorn Wildfire later named 
Brown Canyon Wildfire that burned 23,440 acres. Map provided by the BANWR staff.  
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