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Abstract 

 Historical land use patterns on Hawai’i Island have created degraded dryland ecosystems 

that are at high risk for erosion. In places such as the Kawaihae watershed in leeward Kohala, the 

impacts of sediment deposition from the watershed have detrimentally affected coastal marine 

ecosystems by decreasing habitat quality and burying important cultural sites. Due to the 

extensive and long-term effects of erosion, it is important to understand and protect non-

traditional agents that may help to hold sediments in place. Biological soil crusts are 

communities of photosynthetic microorganisms that grow over mineral soil in arid and semi-arid 

ecosystems and are known to increase soil stability. Despite their potential to mitigate erosion, 

the distribution of biocrusts in degraded drylands on Hawai’i Island is unknown. We mapped 

biocrusts in the Kawaihae watershed, a semi-arid landscape prone to erosion, using imagery 

collected by small unmanned aerial systems (sUAS) at three spatial resolutions (1.15, 2.05 and 

2.80 cm/pixel). Using a pixel-based methodology, we produced classifications with overall 

accuracies ≥85% at all three resolutions. As biocrust development is associated with increasing 

soil stability, we also explored this relationship in the Kawaihae watershed. We identified 3 

different biocrust levels of development (LOD) and conducted soil aggregate stability testing at 

all development levels. We found that there was a significant increase in soil stability between 

soils without surface biocrusts (LOD score of 0) and those with biocrusts at any development 

level (LOD 1-3). More highly-developed biocrusts imparted greater soil stability than less-

developed biocrusts, but the impact on soil stability reached a ceiling beyond biocrust LOD 1. In 

addition, we applied our mapping methodology to investigate the direct impacts of biocrusts on 

soil loss. We overlaid our classified maps with digital surface models (DSMs) from data sets 

covering a 2.75-year time span. We found trends of varying soil loss between biocrust and bare 

soil areas, but more field work is needed to verify our results. We also explored the effects of 

grazing animals on biocrust cover by comparing classified images of a grazed site and a grazing-

exclusion site. We found differences in biocrust coverage between the sites, including differing 

proportions of the land cover types present, but additional field data collection is necessary prior 

to drawing definitive conclusions. Overall, our project provides a new biocrust mapping 

methodology that could be used by researchers and land managers globally and adds insight into 

the role of biocrusts in erosion prevention in the Kawaihae watershed and similar arid/semi-arid 

landscapes.  
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Chapter 1: Introduction 

Drylands, which include arid and semi-arid landscapes, are one of the major ecosystems 

on Earth and encompass nearly half of the planet’s terrestrial surface. Characterized by limited 

water availability and often intense temperatures, drylands exhibit a patchy vegetation 

distribution (Meron et al. 2007) with areas of exposed soil susceptible to erosive forces. 

Precipitation in drylands is sporadic; extended dry periods are often followed by short-lived but 

intense precipitation events (Noy-Meir 1973, Sala & Lauenroth 1982). High-intensity rainfall 

events readily transport sediments (Nearing et al. 2005) and are associated with higher erosion 

severity (Wei et al. 2009). Erosion is detrimental to a wide variety of ecosystem processes, 

ranging from nutrient cycling (Quinton et al. 2010) to climate change resilience (Lal 2004), 

making it an important topic for conservation research.      

 The island of Hawai’i contains semi-arid landscapes along its western, leeward side. 

Several mountainous peaks block easterly trade winds, limiting precipitation across the west side 

of the island (Kidd & McGregor 2007) and promoting more arid ecosystems. The Kawaihae 

watershed, located on the western slope of Kohala volcano, is one of these ecosystems (Figure 1-

1). Precipitation varies along an elevational gradient but most of the Kawaihae watershed sees 

less than 500mm of rain per year (Giambelluca et al. 2013) and is therefore considered to be a 

semi-arid landscape (Noy-Meir 1973). Vegetation also varies along an elevational gradient, but 

in the semi-arid areas the land cover consists primarily of grasses, such as introduced buffel and 

guinea grasses, as well as native pili grass (Stewart 2005). Although there are several gulches, 

there are no perennial streams except at the upper reaches of the watershed (Stewart 2005). Soils 

are primarily silt loam or sandy loam, with varying amounts and sizes of rocks, on a bed of `a`a 

lava flows (Sato et al. 1973, Natural Resource Conservation Service 2013). 
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Figure 1-1: Map showing study area within Kawaihae watershed. Inset map shows location of 

watershed relative to Hawai’i Island. 

 

Originally sandalwood-dominated forest that stretched almost completely down to the 

coast, most of the watershed was cleared in the 1800s and subsequently used for pasture (Greene 

1993). The dual impacts of tree loss and livestock grazing have left large parts of this landscape 

at high risk for erosion, with an average estimated rate of 4,222 tons of sediment loss per year 

(Oceanit Center 2007). The landscape of the Kawaihae watershed exhibits erosion rills created 

by ephemeral streams that form during storm events (Stewart 2005), which in turn create prime 

locations for sediment transport downhill (Lal 1990). Loss of sediments causes the loss of parent 

material and nutrients necessary for plant growth (Verity & Anderson 1990; Pimentel et al. 
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1995), which further inhibits vegetation cover and can cause a positive feedback cycle which 

exacerbates erosion. 

Erosion within the Kawaihae watershed is of concern beyond the terrestrial effects of soil 

loss. Water in the Pelekane Bay, located at the mouth of the watershed, is so turbid that the bay is 

listed as an ‘impaired water body’ by the U.S. Environmental Protection Agency (Hawaii State 

Department of Health 2014). Much of the sediment loss occurs during rare storm events, but as 

climate change causes storms in the Hawai’ian Islands to become more intense (Timm & Diaz 

2009), the erosion rate has the potential become even higher. The watershed’s outlet is adjacent 

to a coral reef ecosystem, and sediment deposition into the marine environment (coupled with 

the construction of Kawaihae harbor) has been linked to a 44% decrease in coral abundance and 

a re-structuring of the benthic coral community in Pelekane Bay (Stender et al. 2014). Coral 

recruitment has also been shown to be lower in parts of the bay that are more heavily impacted 

by sediments (DeMartini et al. 2012) and sediment deposition has had a detrimental impact on 

the abundance of aquatic invertebrates (Tissot 1998). In addition, Pelekane Bay is known 

historically to be the location of Hale o Kapuni Heiau, a native Hawai’ian temple dedicated to 

shark gods (Cheney et al. 1997). The exact location of the temple within that bay is unknown, 

however, because sediment transported down from the watershed has completely buried this 

important cultural site (Cochran et al. 2006). 

Several terrestrial conservation initiatives have been implemented as a response to the 

poor water quality of Pelekane Bay. One strategy has been to install check dams that collect 

eroding soil and prevent it from entering the bay (Moss 2011). To maximize their soil collection 

capability, optimal placement of sediment check dams is highly important (Polyakov et al. 2014). 

Placement of dams is based, in part, on an identification of areas that are at high risk for erosion. 

An erosion risk assessment has been performed in the watershed, but this assessment identified 

areas of high sediment movement that are as much as 300m wide (Oceanit Center 2007) which is 

too generalized to identify optimal placement of ~5m-wide check dams. Another strategy used to 

mitigate erosion in the watershed has been to out-plant native grasses to help stabilize soils. 

However, this option is time-consuming and expensive because out-planting requires investment 

in seedlings and labor to plant them. In addition, the dry climate of the Kawaihae watershed 

necessitates irrigation until plants can become established (Stewart 2005), which increases costs 
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further. These efforts have been credited for improvements such as increased fish populations 

between 1996 and 2014 (Stender et al. 2014), but the sediment in Pelekane bay is still mostly of 

terrestrial origin (Takesue & Storlazzi 2019), indicating that sediment loss from the Kawaihae 

watershed is an ongoing problem. 

Considering the long-lasting impacts of erosion in the terrestrial and marine ecosystems, 

other factors that may help mitigate soil loss should be investigated. In many arid and semi-arid 

regions bare soil is often covered by biological soil crusts, often referred to as “biocrusts”. 

Biocrusts are communities of microorganisms (Figure 1-2) that grow in the topmost layers of soil 

(Rosentreter et al. 2007). Biocrust species composition varies under different environmental 

conditions (Bowker et al. 2018), but some of the dominant organisms are cyanobacteria, lichen, 

and mosses (Belnap et al. 2001). Biocrust development generally occurs in stages with visually 

observable development levels. The earliest development level is dominated by cyanobacteria, 

which are able to establish colonies on bare soil (Budel et al. 2016) and are either very difficult 

to see with the eye or exhibit a dark brown-to-black color. The next development level is the 

lichen-dominated stage, characterized by patches of lichen thalli, and the third development level 

is moss-dominated, which appears as light or dark green (Seppelt et al. 2016). Development level 

and associated community composition is dependent, however, on factors such as climate and 

soil texture (Fischer & Subbotina 2014), as well as physical disturbance (Kuske et al. 2012).    
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Figure 1-2: Cross-sectional diagram of a typical biocrust, showing progression (A-F) from initial 

colonization (A) through late-stage development (F). *note: figure is not drawn to scale. For 

reference, a typical biocrust extends ≤5mm below the soil surface (image: Colesie et al. 2016). 

 

Although found in a variety of ecosystems, biocrusts are most common in semi-arid and 

arid landscapes because they are able to survive very low water availability (Belnap et al. 2001), 

which inhibits the growth of vascular plants. In these ecosystems, biocrusts perform many of the 

important functions typically associated with plants, including enhancing soil aggregate stability 

and reducing erosion (Belnap et al. 2001, 2003). Cyanobacteria-dominated biocrusts are known 

to develop filaments (Figure 1-3) that act as a glue to hold soil particles together (Belnap & 

Gardner 1993). Previous research has found that biocrust biomass has a positive relationship to 

soil stability (Bowker et al. 2006, Belnap et al. 2008), but the site-specific development of 

biocrusts means that their relationship to soil stability may differ among landscapes. 
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Figure 1-3: Scanning-electron micrograph of filamentous cyanobacteria. Filaments are visible as 

hair-like structures wrapping around the soil particles (image: USGS). 

 

Research has not been conducted on biocrusts distribution or overall function in Hawai’i, 

though there have been species-level studies focused on mosses and lichens (Crosby 1965, Smith 

1981, Staples 2004, Jorge-Villar & Edwards 2008). Thus, the relationship between biocrusts and 

soil stability, specific to Hawai`i, remains unknown. Considering their erosion-mitigating 

potential, knowledge of biocrusts and their associated soil stability would be beneficial for land 

managers and conservation researchers working in Hawai’ian drylands. Our research explores 

the impacts of biocrusts and their development on the aggregate stability of soil the Kawaihae 

watershed. Soil aggregate stability is a reliable indicator of erosion risk (Barthes & Roose 2002), 

so a greater understanding of this relationship may assist research and conservation in the 

watershed as well as other arid and semi-arid landscapes in Hawai`i.  

The erosion risk assessment that was previously performed for the Kawaihae watershed 

did not consider biocrusts and was limited in its spatial resolution of land cover to 30 m satellite 

imagery (Oceanit Center 2007). Biocrusts distribution can vary on a micro-scale (within a few 
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meters) (Bowker et al. 2006), so maps generated from large-scale data will likely overlook this 

important soil stabilizer. However, recently-developed remote sensing technologies such as small 

Unmanned Aircraft Systems (sUAS) can produce high-resolution images useful for investigating 

biocrust distribution in great detail. sUAS platforms have successfully been used to map a 

variety of land cover types via image classification (Yu et al. 2006, Michez et al. 2016, Mafanya 

et al. 2017, Duffy et al. 2018), but to our knowledge have yet to be used for classifying biocrust 

cover. Past remote sensing studies on biocrusts have been limited to coarse-resolution, multi- and 

hyperspectral approaches (Karnieli et al. 1997, Chen et al 2005, Rodriguez-Caballero et al. 2014, 

Rodriguez-Caballero et al 2017, Rozenstein & Adamowski 2017), which involve costly 

equipment and complex calibration and processing methods. Our research aimed to develop a 

classification technique for biocrust cover from commercially-available sUAS platforms and 

visible wavelength cameras. The development of such a methodology would allow biocrust 

researchers without access to specialized geospatial equipment to generate highly-detailed 

biocrust distribution data at small spatial scales and would open the doors for further study of 

biocrust characteristics and functions. 

In addition to developing a mapping methodology, our research applies classified maps 

generated from sUAS data sets to an investigation of the influence of grazing animals on biocrust 

cover. This research topic is important for conservation efforts because the Kawaihae watershed 

is currently managed for ranching as well as restoration. Cattle can have a detrimental effect on 

biocrusts through trampling, which reduces biocrust coverage (Kuske et al. 2012, Concostrina-

zubiri et al. 2014). However, the effect of grazing ungulates on biocrust cover in the Kawaihae 

watershed is unknown due to the variability in biocrust formation between landscapes and the 

overall lack of knowledge about biocrusts in this area. An investigation of the relationship 

between grazers and biocrusts in this ecosystem is important to gain an understanding of the 

nature of biocrust distribution across the landscape and a deeper knowledge of the impacts of 

cattle ranching in the Kawaihae watershed. 

We also extend our research to the connection between biocrust distribution and erosion 

by directly measuring soil loss under different land cover types using sUAS-derived data sets 

that span several years. The sUAS platform is well-suited for structure-from-motion 

photogrammetry, which is a method to construct three-dimensional elevation and surface models 
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from overlapping images taken at multiple angles (Westoby et al. 2012). Digital elevation 

models (DEMs) and digital surface models (DSMs) can be created with structure-from-motion 

algorithms using images collected by sUAS (Turner et al. 2012) and have been shown to be 

comparable to traditional topographic survey methods (Tonkin et al. 2014, Cook 2017). Biocrust 

topographical characteristics that are related to erosion have been explored with high-resolution 

DEMs (Rodriguez-Caballero et al. 2013), but this research was limited to plot-level data sets and 

did not measure soil loss. Our research uses structure-from-motion methodology to measure the 

spatial distributions of soil loss relative to ground cover type, which can provide more insight on 

the relationship between biocrusts and erosion.  

Biocrusts have been referred to as “diminutive communities of potential global 

importance” (Ferrenberg et al. 2017). Our research seeks to expand the knowledge base of these 

communities by developing a research tool for future biocrust and dryland studies, and by 

providing insight into the relationship between erosion and biocrusts in Hawai’ian drylands. In 

the following chapters, we describe the development of our mapping technique and how we have 

applied it to research questions regarding erosion and land use in the Kawaihae watershed. We 

interpret our results within the context of the watershed and discuss their implications for 

conservation in this ecosystem, as well as other drylands in Hawai’i and beyond.    
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Chapter 2: Mapping biocrusts with sUAS imagery 

2.1 Introduction 

 Biocrust distribution can vary at very small spatial scales (Bowker et al. 2006), which 

creates limitations for traditional remote sensing mapping approaches that use conventional, 

satellite-derived data sets. Consequently, the use of very high-resolution imagery to map spatial 

distribution has been identified as a priority in the field of biocrust research (Belnap et al. 2016). 

Our objective was to use the sUAS platform, which has been shown to be useful for classifying 

many different land cover types (Andersen & Gaston 2013), to create classified biocrust maps. 

Previous remote sensing classifications of biocrusts have relied on hyperspectral data 

(Rodriguez-Caballero et al. 2014; 2017), but we were interested in exploring the use of platforms 

outfitted with cameras operating within visible wavelengths (RGB). In this way we tested the 

feasibility of using relatively inexpensive, commercially-available equipment for biocrust 

mapping.   

We first assessed the fundamental ability of the classification scheme to distinguish 

biocrusts and bare soil within non-vegetation areas. We also assessed the ability of the 

classification algorithm to distinguish between biocrusts at different stages of development. 

Biocrust morphology and color changes as biocrusts develop across successional frameworks, 

creating subtle but visibly-distinct differences among development levels (Colesie et al. 2016). 

Although we recognized that this would be a challenge with solely visible-wavelength imagery, 

we hypothesized that the classification algorithm would be able to distinguish between varying 

development levels because differentiation between land cover types with similar spectral 

characteristics has been shown to be possible using sUAS platforms (Ventura et al. 2016, Gomes 

et al. 2018). The purpose of differentiating biocrust levels of development was to link the 

classified images to soil stability field data (see section 3.3) and to determine if biocrusts can be 

mapped as an indicator of relative soil stability and erosion risk. 

We also investigated the impact of increasing spatial resolution on classification accuracy 

by collecting aerial data at three different altitudes above ground level (AGL). We hypothesized 

that as spatial resolution decreased, the classification accuracy would also decrease, which is 

consistent with previous research comparing spatial resolution and classification accuracy of 

sUAS-derived imagery (Torres-Sanchez et al. 2014, Lopez-Granados et al. 2015). In the 
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following sections, we present our field data collection and data analysis methods, as well as the 

results and a discussion of this research.   

2.2 Methods 

 Creating classified maps of biocrust distribution involved collecting and processing aerial 

images. Prior to collecting complete sUAS image data sets over the study area, we experimented 

with camera settings and lens filters to optimize image quality. Aerial data were then collected 

under these optimized parameters and processed to generate mosaics which were used for 

subsequent image classification.  

2.21 Study site 

 As introduced in Chapter 1, the Kawaihae watershed is located on the leeward (west) side 

of Kohala Mountain (inset, Figure 1-1) on the island of Hawai`i. The watershed is bound on its 

south side by state highway 19, on its north side by Makahuna Gulch, and extends from sea level 

to 1645 m elevation, encompassing an area of 50 km² (Stewart 2005). The study site sits within 

the watershed at an elevation of 1200m and is dominated by patches of grasses and shrubs 

interspersed with exposed ground. The study site was selected based on preliminary observations 

of biocrust presence as well as the designation of the site as especially high-risk for erosion, 

relative to other sections of the watershed (Oceanit Center 2007).   

2.22 sUAS flights 

 All missions were flown with a DJI Inspire 2 platform outfitted with an X5s camera (DJI, 

Shenzen, China). Prior to conducting flights, we placed three calibration tarps (Group VII 

Technology, Provo, Utah) with uniform reflectance values (0.03, 0.35, and 0.56) within the 

center of the flight area to provided standardized reference data for the different flights (Figure 

2-1). During preliminary flights for this research, we observed considerable solar artefacts 

(Figure 2-2A) on the mosaics generated from flights conducted in our study area. These artefacts 

arise from variable brightness across the individual raw images that compose the mosaic (Figure 

2-2B, see section 2.13 for a description of image processing) and are a common problem for 

sUAS-derived imagery collected under full-sun conditions (Garaba et al. 2012, Ortega-Terol et al 

2017). Prior to conducting sUAS flights for data collection, we conducted a set of informal 
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experiments to find the optimal set of camera and flight parameters that would eliminate these 

artefacts from our imagery.  

 

 

 

 

 

 

 

 

Figure 2-1: Calibration reflectance tarp, as seen in the mosaic generated from the 40 m AGL 

flight. Reflectance values (L-R): 0.03, 0.35, 0.56. 
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Figure 2-2: (A) Map showing solar artefacts visible bright spots across imagery. (B) Raw sUAS 

image showing higher brightness on left side of image than on right (drone shadow visible in 

orange oval).  
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Mapping App Flight overlap Exposure  Lens Filter

A DJI Go 1EXP 20 Line NA Automatic NA

2EXP 20 Line NA Auto‐locked while hovering 

over calibration tarp 

NA

B Maps Made Easy 1FLTR 40 Grid 85/85 Automatic Polarized

2FLTR 40 Grid 85/85 Automatic ND8 + polarized (ND8/P)

3FLTR 40 Line  85/85 Automatic ND16 + polarized (ND16/P)

Adjusted ParametersAltitude 

(m)

Flight 

Pattern

We identified camera exposure settings and the use of lens filters as possible solutions 

and tested these parameters by conducting flights in September, 2018, using two complementary 

sUAS mapping applications: DJI Go (DJI, Shenzen, China) and Maps Made Easy (Drones Made 

Easy, San Diego, CA). Maps Made Easy can perform automated flights with line or grid patterns 

(DJI Go flies in manual mode only), and DJI Go has multiple camera exposure settings (Maps 

Made Easy only offers automatic exposure). We compared two exposure settings: automatic 

(exposure self-adjusts based on the camera’s internal light meter), and locked (exposure 

manually set prior to flight and does not change during flight) (Table 2-1A). The exposure lock 

was set while hovering over the calibration tarp prior to collecting images.  

Table 2-1: flights conducted with (A) various exposure settings and (B) different lens filters.  

 

 

 

 

 

 

To test the effects of filters, we used neutral-density and polarized lens filters (Table 2-

1B), chosen from a set (PolarPro, Los Angeles, CA) that fit over the camera lens. Neutral density 

(ND) filters are similar to sunglass shades and filter out incoming light to create images that have 

lower overall brightness. The number associated with the filter indicates the light-filtering 

intensity; a higher value equates to less light reaching the sensor. Polarized (P) filters limit 

incoming light to one direction, eliminating scatter and lowering glare. In addition, these two 

filter types can be combined to create an additive effect.  

We also considered different flight patterns as possible solutions, based on our familiarity 

with the mosaic-generation process. Maps Made Easy provides options for two flight patterns, 

line and grid (Figure 2-4). Line flight patterns provide across track and along track image 

overlap, but the grid pattern allows for more overlap by creating a larger image set.   
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Figure 2-3: Diagram of line (left) and grid (right) flight patterns.  

 

Test flights were conducted at 20 m or 40 m AGL under sunny skies in an area adjacent to our 

study site with the calibration tarp placed in the center of the flight extent.  

Based on the results of these test flights (see section 2.21), all data collection missions 

were flown in the presence of the calibration tarp with a line flight pattern under uniformly 

overcast skies or within 10 minutes of sunrise (during which time incoming sunlight was shaded 

by mountains) and without lens filters. We also set the camera white balance to “sunny”, which 

is an internal setting that prevented the white balance from shifting in response to the aircraft 

collecting images over the calibration tarp. To compare spatial resolution and image 

classification accuracy, we conducted flights in October 2018 at three different altitudes: 40 m, 

80, and 115 m (115 m being proximal to the maximum FAA-allowed flight altitude of 400 ft), 

which corresponded to increasingly coarse spatial resolutions (Figure 2-5). 
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Figure 2-4: Close-up of a GCP from each mosaic. Labels denote sUAS flight altitudes with 

corresponding pixel sizes in parenthesis.  

 

2.23 Field data collection 

 Seven ground control points were established by marking immovable, large rocks and 

then collecting differential GPS (dGPS) positional data over the markings using a Trimble 

GeoXH unit outfitted with a Trimble Zephyr GNSS antenna (Trimble Inc., Sunnyvale, CA). The 

occupation time was ~2 minutes for each point which provided a final positional mean root-

mean-square error (RMSE) of 1.1cm at 40 m AGL, 1.5cm at 80 m AGL, and 3cm at 115 m 

AGL, as determined from the results of the incorporation of GCP data during image processing 

(see section 2.24) . 

 To assess the effectiveness of test flight parameters on bright spot reduction, we collected 

soil color field data from within the extent of the area mapped during test flight 3FLTR, the 

flight that reduced bright spots the most (discussed further in sections 2.21 and 2.31). Soil color 

was measured using Munsell color notation. The Munsell notation system (Munsell 1919) is 

widely-used in soil science research and provides a baseline for assessing variable brightness 

across the imagery. Soil color was measured by collecting a small sample, taking care not to mix 
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the surface and subsurface components, at 3m intervals along 30 mtransects (Figure 2-5). 

Transects were oriented to cross the study site at locations where brightness variations were 

visible in the imagery. Each sample was compared with color chips provided in a Munsell color 

field guide (Munsell company, New Windsor, NY) to determine soil surface color.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-5: Location of soil color transects within test flight imagery area. Image stretch has 

been adjusted to emphasize bright spots. 
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To acquire ground truth data for training and validating the image classification scheme, 

we generated 100 random points across the extent of the processed imagery using ArcMap v 10.4 

(Esri, Redlands, CA). Points were located at least 2m from the edge of the imagery, and all 

points were at least 3m apart (Figure 2-6). The location of each point was then loaded onto 

Trimble GeoXH handheld GPS units, which were used to navigate to each point in the field. At 

each point, we took a photograph of that point using a 14.2-megapixel Nikon D3100 DSLR 

camera equipped with an AF-S Nikkor 18-55 m lens (Nikon Corp, Tokyo, Japan). We used an 

ISO of 100, 1/250s shutter speed and automated F-stop. White balance was preset with a grey 

card using the camera’s internal sensors prior to taking photos. To maximize the photo area, the 

camera was mounted at the top of a 3.5 m surveying pole and angled at 20° from nadir (Figure 2-

7). At each ground truth point we placed a 1 m measuring stick on the ground and took a photo 

of point and its immediate surroundings. This processed created ~3x4 m photo that was later 

used as a highly-detailed reference image for each ground truth point (inset, Figure 2-7). 

 

 

 

 

 

 

 

 

 

Figure 2-6: Locations of randomly-generated training and validation ground truth points. Inset 

photo shows example ground truth image. 
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Figure 2-7: Photograph of camera rig used to take ground truth images, with survey pole 

retracted to lowest height.  

 

2.24 Image processing 

 Image processing involved a multi-step workflow (Figure 2-8). All data-collection 

mosaics were generated from raw imagery with Pix4D (Pix4D SA, Ecluben, Swizterland) image 

processing software, which has been successfully used in sUAS-derived mapping (Vallet et al. 

2011, Turner et al. 2014, Lim et al. 2015). The software uses a feature-matching algorithm to 

identify tie points, which are then used to stitch together the images into a mosaic (Afek & 

Brand, 1998). To compare imagery created at the three different flight altitudes, we aligned the 

mosaics using our GCPs that were painted (prior to flights) on rocks within the study site. GCP 

data were incorporated into the mosaicking process using Pix4D by manually geotagging at least 

10 images per GCP after the initial tie-point identification step.  
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Figure 2-8: Flowchart of classification methodology. Processes are indicated by blue, 

outputs/inputs are in orange. Added data for specific processes is in green. 

 

The resulting mosaics contained data in the form of digital number (DNs) for the red, green, and 

blue wavelengths in each pixel. A more useful unit of measurement for classification is 

reflectance, the ratio of reflected energy to incident energy on the surface (Teillet 1986), which 

allows for a quantitative assessment of pixel values at different wavelengths. One widely-

accepted technique for calibrating imagery to reflectance is the empirical line method, which is 

based on the linear relationship between the reflectance and DN values of a surface (Baugh & 

Groeneveld 2008). This method converts DN values based on reference spectra with known 

reflectance values (Smith & Milton 1999). We chose to employ the empirical line method 

because of its ease of application for our data and its previous success with sUAS-derived 

imagery (Kelcey & Lucieer 2012, von Bueren et al. 2015, Wang & Myint 2015). We calibrated 

mosaics using ENVI v. 5.3 (Harris Geospatial Solutions, Boulder, CO) image analysis software. 

Our calibration targets were the 0.03 and 0.35 reflectance tarps present in each mosaic (we 

omitted the 0.56-reflectance tarp because it was overexposed in the imagery and thus did not 

provide reliable reference data).  
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Classes Description

Major classes Basal plant cover All plant ground cover ‐ shrubs, grasses and dry litter

Bare ground Exposed ground that is light brown‐colored (does not 

contain visible surface biocrusts)

Biocrust All biocrust levels of development (1‐3)

Biocrust 

subclasses

Biocrust LOD 1 Ground cover that is brown with small, scattered darker 

brown patches 

Biocrust LOD 2 Ground cover that is uniform dark brown or dark brown 

with patches of black

Biocrust LOD 3 Ground cover that is uniform black or black with 

scattered patches of light brown (bare ground)

 We designated specific land cover classes (Table 2-2) and classified calibrated imagery in 

ENVI using the maximum likelihood algorithm.  

Table 2-2: Descriptions of classes and subclasses used for image classification. 

 

 

 

 

 

 

 

This algorithm incorporates probability when deciding the class assignment for each pixel by 

using calculated probability curves derived from training data for each class (Foody et al. 1992). 

The maximum likelihood algorithm compares the reflectance characteristics of each pixel and 

assigns pixels to classes based on the likelihood of a match to the reflectance characteristics of 

the training data (Chuvieco 2016). The algorithm assumes a normal distribution of reflectance 

values within each class and uses a Gaussian function to calculate probability:   

 

	
1

2
	

2
 

 

Equation 1: Function to determine the probability (p) of a pixel belonging to class A, where DLA 

and σA are the mean reflectance values and the variance, respectively, of class A (Chuvieco 

2016).  
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The advantage of this method is that it allows for overlapping spectral characteristics between 

classes, which aids in differentiation of classes that have similar spectra. We chose the maximum 

likelihood method because of its widespread use in remote sensing research and because of the 

spectral similarities between biocrusts and bare soil that we observed in our training data (Figure 

2-9). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-9: Charts of mean reflectance values derive from training data for (A) bare soil, biocrust 

(LOD 1-3) and plant cover, and (B) biocrusts at individual levels of development. Wavelengths 

R, G and B refer to the red, green, and blue bands, respectively. 

A 

B 
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Prior to classifying biocrust and bare soil, we conducted a preliminary classification 

using two classes: vegetation and non-vegetation. The plant cover class included living vascular 

plants as well as dry litter, which we generalized into one class because vegetation was not the 

focus of the project. After performing a post-classification accuracy assessment, we masked out 

the vegetation class and further classified the remaining non-vegetation pixels using two classes: 

bare ground and biocrust at any level of development (classification 1A). In addition, we created 

two more classifications: one with a bare soil class and a biocrust class that only encompassed 

higher levels of biocrusts development (classification 1B), which are more visually distinct from 

bare soil, and one with subclasses for individual levels of development (classification 2) (Figure 

2-9B). Biocrust levels of development were defined using field observations coupled with 

definitions of biocrust morphological groups derived from the literature (Belnap et al. 2008). 

Since observations of biocrust development are somewhat subjective, we created a set of 

reference photos that were collected during preliminary fieldwork (Figure 2-11). This photo set 

allowed for judgements of biocrust development to remain consistent between mosaics. Rocks 

were very difficult to distinguish from soil or biocrusts and were therefore ignored in while 

creating both the training and validation data sets so that they would not influence accuracy 

assessments. Similarly, we did not classify shadows. Due to the sky conditions during data 

collection missions, no visually-distinct shadows were observed in the orthomosaics and there 

are no tall plants within the study area that would cast large shadows. 

 

  

 

 

 

Figure 2-10: Representative images of each biocrust development level that was assigned its own 

class in classification 2. 

 



23 
 

To create training and validation data for imagery classification, we randomly divided 

our ground truth points (see section 2.14) into 2 groups with 50 points in each group. For both 

groups we manually drew the footprint of each ground truth photo over its corresponding point 

using the photos and the 40 m mosaic as guides for placement (Figure 2-11).  

 

 

 

 

 

 

 

 

 

 

Figure 2-11: sUAS-derived mosaic at 1.15 cm/pixel showing larger extent (A) and zoomed-in 

(B) with corresponding ground truth photo (C). Cyan and yellow boxes indicate ground truth 

photo footprints for training and validation data sets, respectively. Length of measuring stick in 

ground truth photo is 1m. 

 

We then created regions of interest (ROIs), groups of pixels assembled to create the 

training and validation data sets, by selecting pixels for each class on the 1.15 cm/pixel imagery 

based on information in the ground truth images. Finally, we classified each mosaic based on the 

training data, producing classified images at three different resolutions. ROIs were created 

separately for the training and validation points, generating two data sets: one for classifying and 

another for accuracy assessment.  
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After classifying the three orthomosaics, we performed accuracy assessments to compare 

the classifications conducted at different spatial resolutions. Using the validation data set, we 

generated a confusion matrix that compared class assignments created by the classification 

algorithm to the class assignments generated from field data. The matrix provided overall 

accuracy, the ratio of pixels that were correctly assigned to the total number of pixels in the 

validation data set, and a kappa coefficient, which is a metric of correct pixel assignment that 

factors in random chance. The confusion matrix also provided estimates of producer and user 

accuracies. Producer accuracy is related to the error of omission, which happens when a pixel 

should be classified into a particular class but is excluded (i.e., omitted). User accuracy is related 

to the error of commission, which is when the pixel is assigned to the wrong class. Together, 

these two metrics provide a more detailed understanding of the classification errors on a class-

by-class basis. 

2.3 Results 

2.31 sUAS test flights  

Adjusting exposure and using lens filters affected the reduction of bright spots in the 

mosaics (Figure 2-12). The imagery showed higher brightness on the left side than on the right 

side for the flight where exposure was automatic (flight 1EXP) and where exposure was auto-

locked (flight 2EXP). Although there are no distinct bright spots, the brightness was still 

inconsistent across the mosaics. The addition of a polarized (P) filter (flight 1FLTR) or a ND8/P 

and a grid flight appeared to even out the brightness more, but variability was still visible in the 

upper left portion of the mosaic. A similar improvement was achieved with a line flight and the 

ND16/P filter (flight 3FLTR). However, bright spots remained visible regardless of the exposure 

settings and/or lenses used during the flights. The persistent occurrence of bright spots was 

validated through comparisons with soil color field observations. Soils in the study area were 

within the yellow-red hue category (YR), exhibited a narrow range of chroma values, and a 

wider range of saturation values (Table 2-3). Most of the soil was similar in color but 

comparisons with the test flight imagery revealed areas that were identified as the same color in 

the field yet had variable lightness in the mosaic (Figure 2-13). 
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Figure 2-12: Mosaics generated from flights performed with exposure settings and lens filters 

described in Table 2-1. Labels indicate the flight used to generate each mosaic.  

 

 

 

 

 

 

 

 

 



26 
 

Table 2-3: Summary of Munsell colors recorded during soil color field data collection, with 

reference color chips obtained from a Munsell notation field guide (Munsell Color 1994). 
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Figure 2-13: Mosaic generated from flight 3FLTR showing transect line 1 and corresponding soil 

color field data points. Point labels indicate Munsell color observed. Inset photos (zoomed-in on 

mosaic) show points where Munsell color was the same but the illumination intensity in the 

mosaic was different  
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2.32 Image classification 

 We created classified images showing land cover types at spatial resolutions of 1.15 

cm/pixel, 2.05 cm/pixel, and 2.80 cm/pixel (Figures 2-14 and 2-16). Although it varied slightly 

among spatial resolutions, accuracy remained high (Table 2-4). The overall accuracy of the 

preliminary image classification (vegetation and non-vegetation) showed a downward trend as 

resolution decreased: 99.22% (kappa=0.9825) for the imagery collected at 1.15 cm/pixel, 96.35% 

(kappa=0.9248) at 2.05 cm/pixel and 96.07% (kappa=0.9186) at 2.80 cm/pixel. When the non-

vegetation pixels were classified as either bare ground or any level of biocrust development, the 

overall accuracy decreased from 86.17% (kappa=0.7234) at 1.15 cm/pixel to 85.47% 

(kappa=0.6874) at 2.05 cm/pixel and then increased to 87.03% (kappa=0.7127) at 2.80 cm/pixel. 

However, the opposite trend was observed when the biocrust class included only those that were 

more highly-developed: accuracy increased from 86% (kappa=0.7198) at 1.05 cm/pixel to 

87.27% (kappa=0.7460) at 2.05 cm/pixel, then decreased to 86.59% (kappa=0.7307) at 2.80 

cm/pixel. The same trend was found when biocrust development levels were subdivided into 

individual classes (Figure 2-16). Overall accuracy increased from 53.64% (kappa=0.3799) at 

1.15 cm/pixel to 60.24% (kappa=0.4686) at 2.05 cm/pixel and then decreased to 58.62% 

(kappa=0.4419) at 2.80 cm/pixel.   
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Resolution 

(cm/pixel)

Overall 

Accuracy

Kappa 

Coefficient

Overall 

Accuracy

Kappa 

Coefficient

Overall 

Accuracy

Kappa 

Coefficient

Overall 

Accuracy

Kappa 

Coefficient

1.15 99.22% 0.9825 86.17% 0.7234 86.00% 0.7198 53.64% 0.3799

2.05 96.35% 0.9248 85.47% 0.6874 87.27% 0.7460 60.24% 0.4686

2.80 96.07% 0.9186 87.03% 0.7127 86.59% 0.7307 58.62% 0.4419

Classification 1A Classification 1B Classification 2Preliminary classification

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2-14: Subset of classified maps made with biocrust LOD 1-3 (top row) class and 

restricted to LOD 2-3 (center row) class at three different spatial resolutions. Vegetated areas are 

indicated by dark grey. 

 

Table 2-4: Table of overall accuracy and kappa coefficients for different classification schemes 

at three different spatial resolutions. Preliminary classification included only vegetation and non-

vegetation classes. Classification 1A included classes for vegetation, bare soil, and biocrusts (any 

level of development). Classification 1B included vegetation, bare soil, and all higher-order (>1) 

biocrust development levels. Classification 2 included vegetation, bare soil, and individual 

subclasses for each level of biocrust development (1-3). 
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Figure 2-15: Subset of classified maps made with a single biocrust LOD 1-3 (top row) class and 

individual LOD subclasses (center row) class at three different spatial resolutions. Bottom row 

shows imagery used for classification training and validation. 

 

 Producer accuracy, a measure of omission errors, varied among the classes and spatial 

resolutions with no consistent relationship between producer accuracy and resolution (Figure 2-

16). Producer accuracy was generally highest for the plant cover class and lowest for the biocrust 

class at all resolutions, regardless of whether the biocrust class was restricted to higher levels of 

development. However, the producer accuracies for biocrusts in classification 1A (biocrust LOD 

1-3) were higher than classification 1B (biocrust LOD 2-3) at the 2.05 cm and 2.80 cm pixel 

sizes and slightly lower at the 1.15 cm pixel size.   
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Figure 2-16(A): Producer accuracies at three spatial resolutions for preliminary classification 

(top) and classification 1A (bottom). Progressively darker shades of blue represent increasingly 

coarse spatial resolutions. 
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Figure 2-16(B): Producer accuracies at three spatial resolutions for classifications 1B (top) and 2 

(bottom). Progressively darker shades of blue represent increasingly coarse spatial resolutions. 
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 The producer accuracies for individual levels of biocrust development were much lower 

than for other land cover classes, although accuracy generally increased as development level 

increased (Figure 2-16B, lower panel). Among the different spatial resolutions, producer 

accuracy was highest for biocrust LOD 2 and 3 at 2.80 cm/pixel, and for LOD 1 at 2.05 cm/pixel. 

Within the levels of development, the producer accuracy either increased as resolution increased 

(LOD 2), or increased as resolution increased from 1.15 to 2.05 cm/pixel and then decreased as 

resolution increased from 2.05 to 2.80 cm/pixel (LOD 1, and to a lesser extent, LOD 3). 

User accuracy, a measure of commission errors, varied between land cover classes and 

spatial resolutions, with no consistent relationship between spatial resolution and user accuracy 

(Figure 2-18). User accuracies were equal or higher for biocrusts in classification 1A than in 

classification 1B at all three resolutions. Biocrusts in classification 1A had a pattern of 

decreasing and then increasing accuracy as pixel size increased, while biocrusts in classification 

1B showed a slight increase in user accuracy as pixel size increased. Among individual biocrust 

levels of development, user accuracy was higher than producer accuracy in some classifications 

but not in others. Within individual LOD classes, there was also no clear relationship between 

user accuracy and spatial resolution. 
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Figure 2-17(A): User accuracies at three spatial resolutions for preliminary classification (top) 

and classification 1A (bottom). Progressively darker shades of green represent increasingly 

coarse spatial resolutions. 
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Figure 2-17(B): User accuracies at three spatial resolutions for classifications 1B (top) and 2 

(bottom). Progressively darker shades of green represent increasingly coarse spatial resolutions. 
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2.4 Discussion 

2.41 sUAS test flights 

 Although these flights were initial experiments with an emerging technology, they 

provided useful information on the effects of exposure settings and lens filter on imagery 

collected under clear, sunny skies at our field site. We found that both exposure settings 

produced similar results on brightness across each mosaic. We also found that the combination 

of a ND16/P filter and a line flight pattern produced comparable results to a P or ND8/P filter 

and a grid flight pattern. We did not test the combination of ND8/P or P filters and a line flight 

pattern, or a ND16/P filter and a line flight, so we cannot say whether the lens filter or the flight 

pattern was the most important parameter for evening out brightness across a mosaic. Further 

research with more combinations of lens filters and flight patterns would shed light on which is 

the most important contributor to bright spot reduction. A more standardized investigative 

approach would also provide further insight into methods to minimize bright spots. However, our 

results indicate that solar artefacts can persist even in the presence of high image overlap and 

lens filters. Therefore, we decided to collect subsequent aerial data under overcast skies or when 

the sun was otherwise obscured, such as immediately after dawn before the sun rose above 

nearby mountain peaks. We flew without lens filters because they were unnecessary under these 

sky conditions and used a line flight pattern to conserve battery and maximize coverage. 

 2.42 Image classification 

When biocrusts were grouped together into a single class (classifications 1A and 1B) the 

overall accuracies show that the sUAS-derived method generated accurate classified maps for 

distinguishing between biocrusts and bare ground at all three spatial resolutions. However, the 

relationship between accuracy and spatial resolution was not what we expected. We 

hypothesized that accuracy would decrease as resolution decreased but we found that to be the 

case only in specific situations, such as the producer accuracy for biocrusts in classification 1A. 

The reasons for the variations in accuracies that we observed are unclear, but there are a few 

possible explanations. One potential reason is the pixel size changes that occur as resolution 

decreases. As pixels get larger, the data they contain becomes generalized over a larger area. 

When a very high-reflectance pixel and a very low-reflectance pixel get merged together into one 
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larger pixel, the mean reflectance in the larger pixel will dictate which the class assignment of 

that pixel. Therefore, an area that may appear as the boundary between biocrusts and bare soil at 

higher resolutions may get shifted into either complete biocrust or bare soil at lower resolutions.  

Another possible reason is the inherent function of the classification algorithm. Upon 

visually inspecting the results of each classification, we observed differences in pixel 

assignments among different resolutions. For example, in Figure 2-15 the center portion of the 

biocrust/bare ground patch shows distinct sections of biocrust at the 1.15-cm pixel size (top row, 

left image) that seem to disappear at lower resolutions (top row, middle and right images). An 

exploration of the rule images – raster visualizations that quantify the extent to which each pixel 

matches each class – revealed that for some pixels the difference between the strength of the 

match to the biocrusts class vs. the bare ground class was very small. The maximum likelihood 

algorithm classifies pixel according to the highest probability of a match, but if the probabilities 

are nearly the same then a pixel may get assigned differently based on minute differences among 

the mosaics. This amplification of small differences would subsequently affect the accuracy 

among different images.  

In addition, variations in accuracies may be due to the masking process. Since masking 

was conducted on each mosaic separately, each masked image contained slightly different pixels 

available for classification. In addition, each mask was based on a classification, so the afore-

mentioned potential class assignment differences would affect the mask itself. Therefore, a 

comparison between classified images would show differences simply due to the pixels present, 

which is evident by the differing edges among the classified patches shown in Figure 2-15. These 

differences could also influence accuracy rates by presenting pixels in some classified images 

that are not present in others.     

Regardless of the underlying reasons, the variations in overall accuracy among images at 

different spatial resolutions were very small – less than 3.5%, with the exception of classification 

2 (which showed accuracy differences of less than 7%). Exploratory comparisons of different 

spatial resolutions using a pairwise t-test showed no statistically-significant difference (p>0.05) 

in overall accuracies or kappa coefficients between 2.05 cm/pixel and 2.80 cm/pixel maps or 

between 1.15 cm/pixel and 2.05 cm/pixel maps. Therefore, any detrimental impacts of 

classifying at the coarser resolution would be negligible. Our findings show that accuracy 
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decreases only slightly as spatial resolution increases, indicating that data collection missions can 

be flown higher without significant compromises on classification. 

Despite high overall accuracies, the accuracy of the classification scheme differed among 

the various land cover classes. Predictably, the most accurately-identified were the vegetated and 

non-vegetated classes in the preliminary classification, which had low omission and commission 

errors across all spatial resolutions (Figure 2-17). This ease of classification comes from the 

spectral patterns of vegetation (and dry litter) in the visible wavelengths, which differ from those 

of exposed soil more than the spectral patterns of bare soil differ from those of the biocrusts at 

this particular study site (Figure 2-8). Differentiating between bare soil and biocrust was more 

difficult due to the spectral overlap of these classes within the visible range, which has also been 

observed in other studies (Rodriguez-Caballero et al. 2017). When we restricted the biocrust 

class to the more readily-visible levels of development (2 and 3 only) we found that both user 

and producer accuracies were equal to or greater than the accuracies for the all-encompassing 

biocrust class (LOD 1-3). The generally higher accuracy of the more restricted biocrust class 

further implies that the classification algorithm has trouble differentiating between bare soil and 

biocrusts, but shows that the classes can be refined to improve classification accuracy while still 

identifying the majority of surface biocrusts.  

The accuracy of the classification dropped substantially across all spatial resolutions 

when the biocrust class was subdivided into the varying levels of development, which had 

significantly lower individual class accuracies. Individual levels of development were defined 

according to their visual appearance and progressively-darkened surface, which created classes 

with extensive spectral overlap. The maximum likelihood algorithm was able to distinguish 

between biocrust and no biocrust, but was not sensitive enough to reliably separate different 

levels of biocrust darkness (i.e., different LOD). Considering that all the biocrust found at the 

study site exhibited the same color gradient, it is likely that all of the biocrust at this site were of 

the same type – most likely cyanobacteria-dominated based on comparisons found in the 

literature (reviewed in Belnap et al. 2018). The homogeneity of the biocrust cover makes 

differentiating between development levels using only visible light wavelengths especially 

difficult. However, other areas with more varied biocrust characteristics or greater differences 
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between biocrusts and their surrounding soil (for example, dark biocrusts against desert sands) 

may be able to apply this method and parse out development levels more accurately.  

In addition, the use of sensors with greater spectral capabilities could improve the 

accuracy of identifying levels of development. Lab-based spectral analysis of biocrusts have 

given rise to various spectral indices that could be used for mapping (Karnieli et al. 1997, Chen 

et al. 2005) but the results from early exploratory analyses conducted for this project indicated 

that these indices would not be reliable tools for classification from our sUAS imagery. These 

methods were not usable for this project because of the limited spectral resolution of our sensor 

and the types of biocrust present at the study site, but at other sites with greater biocrust diversity 

these tools may be useful for identifying different stages of biocrust development. There are, 

however, other approaches that could improve the accuracy of biocrust classifications performed 

with our method. Biocrusts have been found to have different spectral properties based on their 

moisture level and in particular show lower reflectance after wetting (Karnieli et al. 2001, 

Rodriguez-Caballero et al. 2015, Rozenstein & Adamowski 2017). Collecting data immediately 

after rainfall events may allow for better differentiation between wet biocrusts and bare soil, 

although the wetting effects on soil reflectance would also need to be considered. Also, our 

method relies on measurements of reflectance, but it is possible that biocrusts could be identified 

using another method for measuring pixel values, such as Munsell colors, which have been used 

in previous studies to describe biocrust characteristics (Graef et al. 2000, Grishkan et al. 2013). It 

must be noted, however, that converting raw DNs to Munsell color notation would likely require 

a color calibration surface, similar to the reflectance tarp in our imagery, so that colors could be 

standardized and compared between mosaics.  

 The relationship between the producer and user accuracies for the bare soil and biocrust 

classes provides insight into mapping biocrusts and bare soil relative to each other. The producer 

accuracy was generally lower than the user accuracy for biocrusts, which indicates a higher 

chance of omitting biocrusts in places where they occur (error of omission) than of including 

biocrusts in locations where they do not actually occur (error of commission). The implication of 

this error pattern is that this classification scheme underestimates biocrust coverage. Conversely, 

the bare soil class had higher user accuracies than producer accuracies, indicating that the bare 

soil is more likely to be classified as such in areas where it does not actually occur than omitted 
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from areas that it does actually occur. This leads to an overestimation of bare soil coverage. The 

implication of this combination of errors is that this method provides biocrust classification that 

can be a useful, conservative estimate in land cover studies.      

If we consider the ratio between our spatial resolution values, we see that our lowest 

resolution (2.08cm/pixel) corresponds to an approximately 1.8 times larger pixel size than our 

highest resolution (1.15cm/pixel). This 1.8X increase in pixel size translates, on average, to a 

4.9% change in producer accuracy and a 5.8% change in user accuracy. This is comparable to 

classifications produced from satellite-based LANDSAT 30m pixel-size imagery, which have 

shown an average 6.1% change in accuracy across a 2X ratio of spatial resolutions (Latty & 

Hoffer 1981). Our results are higher-accuracy than some previous studies relating flight altitude 

and classification accuracy using the same ratio of resolutions (Pena et al. 2015) but comparable 

to the results of others (Torres-Sanchez et al. 2014), indicating that there are also situation-

specific factors that influence classification accuracy. 

Previous remote sensing classifications of biocrusts have produced a range of accuracies, 

from kappa coefficients of 0.6 (Rodriguez-Caballero et al. 2017) to a 94% overall accuracy and a 

0.92 kappa coefficient (Rodriguez-Caballero et al. 2014). The higher accuracies in this range 

were obtained from hyperspectral data whereas our results were obtained from RGB imagery, 

demonstrating that accurate biocrust mapping can be performed with relatively simple 

equipment. Furthermore, previous classifications were performed on imagery at a spatial 

resolution of 1 m (Rodriguez-Caballero et al. 2014, 2017), which is much lower than the 

resolutions that we obtained with the sUAS platform. Biocrust distribution can vary across very 

small distances, so it is advantageous to map them with as much detail as possible. Our results 

show that very high-resolution imagery can be combined with pixel-based classification schemes 

to produce accurate maps that show biocrust distribution at small spatial scales and with high 

detail.   

Although research on biocrust classification from sUAS-derived imagery is lacking, our 

results can be compared to similar studies that use the sUAS platform to create land cover 

classifications. Our results provided higher accuracy than pixel-based classifications of seabed 

cover (Ventura et al. 2016) and comparable accuracy to classification of mussel beds (Gomes 

2018), which were both in marine ecosystems but share our challenge of classes with similar 



41 
 

spectral characteristics (fine and coarse sand for Ventura et al. 2016 and mussels and black 

rocks, in the case of Gomes et al. 2018). Compared to a sUAS-derived classification conducted 

in a rangeland ecosystem, our overall accuracies are similar to object-based classifications that 

included dark and light non-vegetated areas – such as those with and without biocrusts (Laliberte 

et al. 2011). Some researchers have argued that that object-based classification approaches are 

more reliable than pixel-based methods (Yu et al. 2006), but our results indicate that pixel-based 

classification remains a reliable tool for biocrust mapping at small spatial extents. 

 Although landscape metrics are influenced by spatial scale (Turner et al 1989), the effects 

of pixel size on landscape metrics are reduced for classification schemes with overall accuracy 

approaching 90% (Shao & Wu 2008). Our methodology involves a commercially-available, 

relatively inexpensive platform mounted with a sensor that requires no special calibration prior 

to imagery collection. This setup opens the doors for further research by providing a way to map 

biocrusts at fine spatial resolutions and small spatial scales using equipment that is accessible for 

researchers and conservation managers. Our method can be readily applied to a variety of spatial 

ecology research questions. Biocrusts play important roles in a multitude of ecosystem 

processes: nitrogen cycling (Delgado-Baquerizo et al. 2013), soil hydrology (Zhao et al. 2013, 

Bowker et al. 2013), soil function (Antoninka et al. 2016), and responses to climate change 

(Maestre et al. 2013). Knowledge of highly-detailed spatial distribution of biocrusts could be 

used to further investigate these roles in relation to other landscape characteristics and processes 

that can vary over small spatial scales such as microtopography, parent material, or wildfires. In 

the next chapter we will discuss our application of very-high resolution classified images to 

investigate the role of biocrusts on the landscape processes of soil transport and erosion in the 

Kawaihae watershed. 
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Chapter 3: Biocrusts, soil loss, and grazing animals 

3.1 Introduction 

Using the image classification method described in Chapter 2 and based on discussions 

with Kawaihae watershed land managers, we identified three key research questions related to 

the role of biocrusts in erosion mitigation. First, we wanted to understand the relationship 

between soil stability and biocrust development in this watershed because the landscape of the 

Kawaihae watershed is considered at high risk for erosion (Stewart 2005, Oceanit Center 2007). 

Although biocrusts have been found to directly contribute to soil surface stability (Chaudhary et 

al. 2009), their composition and effects on soil stability may vary between locations (Belnap et 

al. 2018). We hypothesized that soil stability would increase with biocrust development level, 

based on previous research that found a positive, linear relationship between development and 

soil stability class for biocrusts that are morphologically similar to those found at our study site 

(Belnap et al. 2008). To answer this question, we collected soil aggregate stability field data, 

which has been shown to be associated with susceptibility to erosion (Barthes & Roose 2002), 

and compared it against classifications of biocrust development levels. 

Our second research question addressed soil loss in the presence of biocrusts. The 

Kawaihae watershed has been the subject of previous research that quantified relative erosion 

risk across the landscape (Oceanit Center 2007). However, the spatial data used in that study 

were much lower-resolution that what was available to us and did not consider biocrusts as a 

land cover class. In addition, the use of lower resolution data precluded the reliable application 

of those results to conservation initiatives, such as the placement of check dams, which are much 

shorter than the typical pixel size of the imagery used in the previous research. We sought to 

estimate the fine-scale spatial distribution patterns of soil loss and to quantify its severity over 

time, and then compare those characteristics with biocrust distribution to more fully understand 

the direct impact of biocrusts on erosion. We hypothesized that areas with biocrust present will 

have less soil loss over time than areas without biocrust because of the known positive 

relationship between biocrust cover and soil stability. To answer this question, we used our 

classified imagery in conjunction with previous sUAS imagery collected at the same site 33 

months (2.75 years) prior to our study. Using orthomosaicas and Digital Surface Models (DSMs) 
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derived from these two data sets we compared the spatial dimensions of soil loss across the 

intervening time span.  

Our final research question addressed the influence of grazing animals on biocrust 

abundance in the watershed, because the land is currently grazed by cattle and feral ungulates. 

To understand the influence of these disturbance factors, we compared grazed and non-grazed 

sites using a space-for-time substitution approach that utilized a previously-fenced grazing 

exclosure area directly adjacent to a grazing-accessible area. Because cyanobacteria biocrusts are 

sensitive to chronic disturbances such as trampling (Kuske et al. 2012), we hypothesized that 

biocrust abundance (as determined by area of coverage) would be lower at the site where grazing 

animals are present than at the site where they are excluded. We used our previously developed 

classification methodology (see section 2.2) to generate classified maps of biocrusts and other 

land cover types and compared the area of coverage of each land cover in the grazed and 

exclusion sites. 

3.2 Methods 

3.21 Study site 

 The study area for these research questions was located in the same section of the 

watershed where we conducted previous biocrust research and therefore had the same elevation, 

climate, rainfall and vegetation composition (see section 2.21). As in our previous research (see 

Chapter 2), this site was chosen because of its designation as high-risk for erosion (Oceanit 

Center 2007) and because we had access to previously-collected aerial data at that location. The 

soil type across the study area is Kawaihae series with a 12-20% slope (Natural Resource 

Conservation Service 2013), which is characterized by very cobbly, fine sandy loam with a loose 

structure (Sato et al. 1973), overlaying `a`a lava bedrock (NRCS 2013). The soil has moderate 

permeability and water holding capacity (NRCS 2013).  

The study sites are contained within a larger paddock and are all located within 500m of each 

other (Figure 3-1). A cattle herd of approximately 461 animals owned by the Parker Ranch of 

Waimea is rotationally grazed across 14 paddocks in the Kawaihae watershed year-round 

(Gordon Kalaniopio, Parker Ranch staff, personal correspondence). There is no pre-determined 

schedule for rotation between paddocks, but the herd spends an estimated 3-4 days at a time 
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crossing the 566.2-acre paddock that contains the study site. Approximately 300 feral goats 

(Gordon Kalaniopio, personal correspondence) are also present in the watershed and have been 

observed regularly within the paddock encompassing the study site. We were unable to 

determine the precise date of exclusion fence construction, but we determined from 

conversations with Parker Ranch and Kohala Watershed Partnership staff that the exclusion site 

has been fenced for at least 10 years (Gordon Kalaniopio, personal correspondence; Cody 

Dwight, personal correspondence). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-1: Map of Kawaihae watershed with grazing exclusion and soil loss (erosion) research 

sites in yellow. Inset map shows location of watershed on Hawai`i Island.  
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3.22 Field data collection 

 Biocrust field samples were collected in August-December, 2018, using a non-random 

approach so that varying levels of development would be equally represented. Samples were 

collected (n=60) at least 3 m apart and separated by vegetation, rocks, or dry litter to ensure 

independence of samples. Each biocrust sample was categorized as loose, non-crusted soil or 

biocrust LOD 0-3 (n=12 per category) using previously-established visual criteria (see section 

2.22); field-observed LOD was recorded and a picture of the sample was taken using a 16 

Megapixel Nikon CoolPix point-and-shoot digital camera (Nikon Corporation, Tokyo, Japan) 

and a calibration grey card for later verification. Six subsamples (6-8 mm in diameter) were 

collected from across a 6x6 cm quadrat placed over the center of each biocrust patch. 

 Soil stability was testing using a field soil aggregate stability kit (Figure 3-2) (Herrick at 

el. 2001). The kit contains 18 sieves that are open on one end and have 1.5-mm mesh covering 

the opening on the other end. These sieves fit into the sample sections of the boxes (Figure 3-2). 

The kit is accompanied by a soil stability class table (Table 3-1A) which describes the soil 

stability classes (Herrick at el. 2001). 

 

 

 

 

 

 

 

 

Figure 3-2: Photograph of soil stability kit with biocrust samples. Inset photo is a close-up of a 

single sample with size estimation grid visible underneath. 
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Stability Class Description

A

1 50% of structural integrity lost (melts) within 5 seconds of immersion in water AND 

< 10% remains after 5 wet sieving cycles, OR soil too unstable to sample (falls 

2 50% of structural integrity lost within 5‐30 seconds of immersion AND < 10% 

remains after 5 wet sieving cycles

3 50% of strucural integrity lost within 30‐300 seconds (5 minutes) of immersion AND 

< 10% remains after 5 wet sieving cycles

4 10‐25% of sample reamins after 5 wet sieving cycles

5 25‐75% of sample remains after 5 wet sieving cycles

6 75‐100% of sample remains after 5 wet sieving cycles

B

6 < 10% of original sample remains after 10 seconds of shaking

7 10‐25% of original sample remains after 10 seconds of shaking

8 25‐75% of original sample remains after 10 seconds of shaking

9 > 75% of original sample remains after 10 seconds of shaking

Table 3-1: Description of the criteria used to establish soil stability classes after initial testing (A) 

and with extended classes (B). 

 

 

 

 

 

 

 

 

  

To perform soil aggregate stability testing, the wells of the box were filled 2/3 to the top 

with distilled water. Each sample was placed in a well as shown in Figure 3-2 and immersed for 

5 minutes. Samples were then wet sieved by immersing and lifting the sieve containing the 

samples every 2 seconds, for 5 lift-immerse cycles. After wet sieving, all samples were examined 

and categorized into stability classes (Herrick et al. 2001). Per field kit recommendations, all 

soils were sieved regardless of stability class. To ensure consistent measurements of the 

proportion of original sample remaining after sieving, we employed a grid method to measure 

sample size. Prior to stability testing, we placed each sample over a 0.5-cm grid (inset, Figure 3-

2) and counted the number of squares that the sample covers (with a precision of ½ a square). 

After performing wet sieving, we counted the number of squares that the sample covered and 

divided by the original measurement to obtain the proportion remaining and assigned stability 

classes accordingly. 

 During data collection, we observed that biocrust samples reached the maximum soil 

stability class very quickly. Therefore, we expanded the stability classes from 6 to 9 and 

performed additional testing on all samples that were rated as class 6 during the initial testing. 

Using a protocol adapted from Belnap et al. 2008, we placed the remaining sample into a 20ml 
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sample tube and added 15ml distilled water. The samples were then shaken with a 90° elbow 

motion for 10 seconds at a rate of 2 forward-backward cycles per second. After shaking, the 

entire contents of the tube were poured over the sieve and the remaining proportion of the sample 

relative to the original sample size was recorded. We characterized stability classes 7-9 as 

described in table 3-1B, based on the methodology used in Belnap et al. (2008). 

 During field sample collection, the lighting conditions varied from day to day. To ensure 

consistent observations of biocrust development levels, we took a photograph of each sample 

accompanied by a white balance/exposure “grey card”. After field data collection, all 

photographs were processed in Adobe Photoshop Lightroom (Adobe, San Jose, CA) 

photography software. Each photograph was manually adjusted for white balance and exposure 

using the grey card as a reference (Figure 3-3). This allowed for estimations for the varying of 

biocrust levels of development to be consistent between samples and across several days of field 

data collection. 

 

 

 

 

 

 

 

 

 

 

Figure 3-3: Photograph of biocrust sample for soil stability testing. Calibration grey card is 
shown at left. 
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3.23 Imagery collection and processing 

 For comparisons of soil loss over time, sUAS imagery was collected in January 2019 

using the same calibration tarp and flight parameters as described in section 2.31. We also 

obtained data from a flight conducted in April 2016 using a Swinglet CAM fixed-wing platform 

(Sensefly, Lausanne, Switzerland) with a 16.8-megapixel Canon Powershot ELPH 110 HS 

camera (Canon, Tokyo, Japan). Prior to analysis, we verified that the spatial resolution between 

the two data sets was comparable: 3.01 cm/pixel for the 2016 flight and 2.84 cm/pixel for the 

2019 flight. For each flight, raw imagery was processed using the same procedure described in 

section 2.31 to create a digital surface model (DSM) for elevation change analysis and an 

orthomosaic that was used for georectification.   

 To georeferenced each data set, we used a modified version of the methods outlined in 

section 2.14 using field-marked ground control points (GCPs) that were visible in both mosaics. 

After identifying GCPs from the mosaics we extracted horizontal positional data by creating 

points over each GCP in ArcMap v. 10.4, extracting the coordinates for each point, and 

geotagging images that contained those GCPs using Pix4D. This process generated mean 

RMSEs of 2.1 cm and 2.8 cm for the 2016 and 2019 flights, respectively. To further align the 

data sets with each other we used manual tie points which are created directly in a reference 

point cloud (in this case the 2019 DSM). Manual tie points were selecting using features (i.e., 

rocks) which appeared in both mosaics. We verified the vertical alignment of the two DSMs by 

selecting 25 “invariant” points (other rocks) scattered throughout the study site that were visible 

in both mosaics (Figure 3-4). At each of these points we calculated the elevation difference 

between the two DSMs and then calculated the mean of those values to determine the precision 

of the alignment. The invariant points showed considerable variation in elevation across the 

study site (mean DSM difference = 0.074 m, SD = 0.096 m), so we focused further analysis on a 

subsection of the site that had more consistent values at the invariant points. To verify to DSM 

differences within the subsection, we added an additional 10 invariant points (15 in total) which 

increased the mean difference between the DSMs (Table 3-2) but reduced the spread of the 

values (mean DSM difference = 0.15 m, SD = 0.032 m) so that we could consider the mean 

difference as an offset estimate in subsequent calculations of elevation change. 
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Invariant 

point

2019 DSM 

value (m)

2016 DSM 

value (m)

DSM difference (m) 

2019‐2016

1 385.1764 385.0201 0.1564

2 389.0447 388.8498 0.1618

3 391.5083 391.3435 0.1603

4 390.0252 389.9282 0.1555

5 384.2915 384.0901 0.1743

6 388.0188 387.9243 0.1477

7 386.0855 385.9265 0.0970

8 384.5837 384.4616 0.0945

9 386.4301 386.2593 0.1580

10 387.6223 387.5046 0.2006

11 384.3648 384.2061 0.1222

12 382.5447 382.3892 0.1709

13 386.4930 386.3452 0.2032

14 385.4112 385.2849 0.1270

15 385.4656 385.2930 0.1177

Mean 0.1498

Table 3-2: Values at each invariant point (corresponding to labels in Figure 3-4), obtained from 

subtracting the 2016 DSM from the 2019 DSM. 

 

 

 

 

 

 

 

 

 

 

 

 

 

For comparisons between grazed and non-grazed sites, sUAS imagery was collected in 

December 2018 at an altitude of 115 m AGL over the exclusion section and the adjacent grazing-

accessible land using the same calibration tarp and flight parameters described in section 2.31. 

Raw imagery was processed and calibrated using the same procedure described in section 2.31, 

although GCPs were omitted because georectification was not necessary for this analysis. 

3.24 Image classification 

 We classified the sUAS-derived mosaics slightly differently, depending on the research 

question (Figure 3-5). For estimating soil loss among different land cover types, we classified the 

2019 orthomosaic using the step-wise method described in section 2.14 with the following three 

classes: vegetation ground cover, bare soil, and biocrust (the biocrust class encompassed only 

LODs 2-3 to maximize classification accuracy – see section 2.32). We also performed an 
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accuracy assessment prior to further analysis and determined overall accuracy (91.53%, kappa = 

0.863) and class-specific producer and user accuracies (Table 3-3). We were able to conduct an 

accuracy assessment for all land cover types because the erosion study site overlapped the 

classification site from Chapter 2 so we had previously-groundtruthed training and validation 

data sets.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-5: Workflow of image classification for grazing exclusion research question (left) and 

soil loss research question (right). 
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Land cover type Producer Accuracy User Accuracy

Vegetation 96.42% 97.21%

Biocrust 84.18% 84.80%

Bare soil 88.54% 86.43%

Erosion classification

Land cover type Producer Accuracy User Accuracy

Vegetation 96.69% 89.07%

Ground* 88.53% 96.51%

Grazing exclusion classification

Table 3-3: Accuracy by land cover class for erosion-related image classification. 

 

 

 

 

For comparisons of the grazed and non-grazed site we used an approach that allowed us 

to avoid additional, resource-intensive groundtruthing. We created a preliminary classification of 

vegetation and non-vegetation areas and then masked out the vegetation pixels using the same 

methods outlined in section 2.14. We conducted accuracy assessments for the preliminary 

classification to determine overall accuracy (92.54%, kappa = 0.851) and class-specific 

accuracies (Table 3-4). After masking, we classified the non-vegetation pixels as either biocrust 

or bare soil using spectral endmembers derived from reference imagery that had been previously 

groundtruthed (see section 2.13). This classification approach identifies the spectral reflectance 

of reference ROIs and uses that data to classify to the imagery of interest (Adams et al. 1995). 

We obtained reference spectra from the flight conducted for erosion data collection in January 

2019, when the vegetation condition was similar to the imagery collected in December 2018, so 

that the spectral data among the land cover classes would be consistent between the reference 

ROIs and the orthomosaic classified for grazing exclusion analysis. We used the accuracy 

assessment of the erosion image classification (see Table 3-3) as an approximation of accuracy 

for the grazing exclusion bare soil and biocrust classification. 

Table 3-4: Classification accuracy of vegetation and ground land covers in grazing exclusion 

study site. *Ground class was further classified into bare soil and biocrust using endmember 

spectra. 
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3.25 Data analysis 

 All soil stability statistical analysis was performed using RStudio (www.r-project.org). 

Subsamples were pooled to give a final sample size of n=60 (n=12 per biocrust LOD). 

Histograms showed a non-normal data distribution, so we used the non-parametric Kruskal-

Wallis test to find whether there was a difference between median soil stability at the varying 

biocrust levels of development. We also performed post-hoc pairwise Wilcox rank-sum testing 

with a Bonferroni p-value adjustment to compare soil stability between specific levels of 

development. To obtain numeric variables for statistical analysis, we used a value of -1 to 

represent loose, non-crusted soil while biocrust LOD 0-3 retained their numeric values.  

All spatial data analysis was performed using ArcMap v. 10.4 and ENVI v. 5.3 software. 

To estimate soil loss, we measured elevation changes by subtracting the pixel values of the 2016 

DSM from the values of the 2019 DSM: 

	 2 1 

Equation 2: Calculation of elevation changes between 2016 and 2019, where T2 = 2019 DSM 

pixel values and T1 = 2016 DSM pixel values. 

We then determined the elevation difference per land cover class by grouping the 

elevation change data set based on the classified land cover map and calculated descriptive 

statistics for elevation change in each class. To compare biocrust coverage in the grazing-

accessible and exclusion sites, we generated study sites on the classified map by manually 

drawing an equal-sized polygon (4000 m2) for each treatment. We calculated the area of each 

land cover type by multiplying the pixel count per class by the pixel size of the image (7.941x10-

4 m2/pixel).  

3.3 Results 

3.31 Relationship between biocrust development and soil stability 

 We found that there was a statistically significant difference (p=1.73x10-9, χ2=46.74, 

df=4) between median stability class among biocrusts at different levels of development. Higher 

development levels exhibited higher stability, although the relationship between development 
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LOD ‐1 0 1 2

0 1.0x10
‐4

1 9.8x10
‐5

7.3x10
‐4

2 8.5x10
‐5

3.1x10
‐4

1.0

3 8.8x10
‐5

3.2x10
‐4

1.0 1.0

level and soil stability was not linear (Figure 3-6). Our data were not normally distributed, so we 

were unable to perform an analysis of variance (ANOVA) but we found a general trend of lower 

variance in soil stability among the higher levels of development. From the pairwise 

comparisons, we found differences between some levels of development but not others. There 

was a significant difference in soil stability class between LOD -1 and all other LOD, and 

between LOD 0 and all other LOD. However, there was no significant difference in soil stability 

class between LODs 1, 2 and 3 (Table 3-5).  

 

 

 

 

 

 

 

 

 

 

 

Figure 3-6: Boxplot of biocrust development level and associated soil stability. Different 

lowercase letters indicate significant differences in soil stability, based on pairwise comparisons. 

Table 3-5: p-values from pairwise comparisons of soil stability class among varying levels of 

biocrust development. 
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3.32 Elevation changes between April 2016 and January 2019 

The analysis produced a map of varying elevation changes across the study area between 

2016 and 2019 (Figure 3-7). A summary of changes between the 2016 and 2019 DSMs is 

presented in Table 3-6; prior to offset correction the bare soil and biocrust classes showed an 

increase in elevation. However, after subtracting the average offset (0.151 m, Table 3-4) we 

found that the bare soil class decreased 11.8 cm/pixel, while the biocrust class increased 22.7 

cm/pixel.  
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Figure 3-7: Land cover classifications in January 2019 and elevation changes between April 

2016 and January 2019. 
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Land cover 

class

Proportion of site 

area

Raw mean 

elevation change 

per pixel (cm)

Offset‐corrected 

mean elevation 

change per pixel (cm)

Biocrust 27.8 ± 4.4% 17.4 2.3

Bare soil 23.8 ± 2.7% 13.9 ‐1.2

Vegetation 48.4 ± 1.7% 23.2 8.1

Table 3-6: Proportion of land area, raw elevation changes, and offset-corrected elevation changes 

within each land cover class. Error estimates are based on classification producer accuracies for 

each land cover.  

 

 

 

 

 

3.33 Biocrust cover in grazed and non-grazed sites 

All of the land cover types showed different areas of coverage between the two treatments. In the 

exclusion site, vegetation was the dominant cover type, while in the grazed site the cover types 

were present in roughly equal proportions (Figure 3-8). Biocrusts had more coverage in the 

grazed site than the exclusion site: 38.6±6.1% and 17.8±2.8%, respectively (error estimates are 

based on producer accuracies for each land cover classification). Bare soil also had higher 

coverage in the grazed site (31.9±3.7%) than in the exclusion site (6.4±0.7%). Vegetation had 

substantially more coverage in the exclusion site (75.8±2.7%) than in the grazed site 

(29.5±1.1%). 

 

 

 

 

 

 

 

Figure 3-8: Area and proportion of land cover types in (A) grazed and (B) exclusion sites.  

A  B
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3.4 Discussion 

3.41 Biocrust development and soil aggregate stability 

 As we had hypothesized, we found that soil stability increased with biocrust development 

level. Contrary to what we expected, however, we did not find a linear relationship between 

development and soil stability. Our positive association between biocrust development and soil 

stability is supported by previous research for biocrusts that are morphologically similar to those 

found at our study site (Issa et al. 2001, Belnap et al. 2008). However, those studies found 

significant differences in soil stability among varying development levels, which is not what our 

data showed. Our results indicated that there was a sharp increase between no visible biocrust 

and initial biocrust development (LOD 1), but that soil-stabilizing ability essentially plateaus 

beyond the initial biocrust development stage. 

 A possible explanation for our results may be the influence of soil characteristics. 

Previous research comparing biocrust development with soil aggregate stability was often 

conducted with biocrusts on sandy soils (Issa et al. 2001, Belnap et al. 2008). The sandy loam 

soils found in our study site, however, have higher clay content than sandy soils (Buol et al. 

1997). Soils with more clay exhibit higher aggregate stability (Bissonais 1996) so it is possible 

that the soil’s inherent stability obscured the differences among biocrust development levels. 

Also, sandy soil is coarse-textured, which negatively influences its ability to aggregate and 

thereby reduces stability (Brady 1974). So, it is possible that those previous studies found more 

significant differences in soil stability at different development levels because the underlying soil 

was inherently less stable. Further, the maximum LOD we observed in this study was 3; 

however, the LOD scale for biocrusts goes up to 6 (Belnap et al. 2008). Had our soils reached 

higher levels of development we might have found further increases in soil aggregate stability. 

Regardless, based on the substantial differences we found between soils with and without surface 

biocrusts, we conclude that biocrusts are actively stabilizing soils beyond the effects of soil 

composition or texture.  

 We also found a significant increase in aggregate stability between loose soils (LOD -1) 

and crusted soils that had no visible biocrusts (LOD 0). This may be a result of abiotic soil 

characteristics that promote soil aggregation, but could also be due to cyanobacteria that grow 
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below the soil surface and are difficult to see with the naked eye. Subterranean biocrust 

components (that move to the surface for photosynthesis when wet) contain similar filaments and 

exopolysaccharide excretions as their surface-dwelling counterparts and can also hold soil 

particles together (Colesie et al 2016). Although the soils at our study site may be more stable 

overall, these filaments could confer greater soil aggregate stability even if surface biocrusts are 

not present at the time of measurement. This reasoning is supported by the greater variability in 

stability class associated with LOD 0, which suggests that a factor beyond soil composition is 

influencing aggregate stability. Soil stability increases with biocrust abundance, in the form of 

biomass (Belnap et al. 2008), so we still expected to find lower stability in crusted soils without 

visible surface components and that is what our results reflect. Our field data were constrained to 

visible surface biocrusts because our research was also focused on biocrust mapping with 

visible-wavelength imagery (see chapter 2). The significant difference in soil stability that we 

found between LOD 0 and LOD 1-3, however, indicates that biocrust mapping can be limited to 

visible, surface biocrusts without risk of overlooking substantial soil-stabilizing development 

levels. 

 Our results suggest that biocrusts are important soil-stabilizers in the Kawaihae 

watershed. Considering the arid climate and limited water availability, the establishment of 

biocrusts which can thrive under these harsh conditions is beneficial to this landscape and to the 

aquatic communities harmed by soil inputs. Greater soil aggregate stability is associated with a 

lower susceptibility to erosion (Barthes & Roose 2002), suggesting that biocrusts which are 

allowed to develop on the surface undisturbed can improve the soil’s stability and therefore 

confer greater erosion resistance than bare soil alone. Biocrusts may also support other 

restoration initiatives, such as out-planting of native plant species. Biocrusts play a role in 

capturing dew (Jing et al. 2009) and enhancing plant nutrient uptake (Harper & Belnap 2001), 

which is beneficial for both established plants and those acclimating from transplantation. 

Considering that biocrusts are already present within the watershed, protection of these 

communities would likely generate positive downstream effects for the entire ecosystem. 

Restoration of the Kawaihae watershed can even be extended to strategic colonization of 

exposed soils with cultivated biocrusts, which can be grown relatively rapidly in a greenhouse 

environment (Wang et al. 2009, Antoninka et al. 2014) and transferred to outdoor landscapes 

(Wang et al. 2009, Chiquoine et al. 2016). These transplanted biocrusts could have the benefit of 
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providing soil stabilization benefits without the high costs associated with the establishment and 

maintenance of traditional erosion-mitigation methods such as native out-planting and check 

dams.     

Combined with biocrust spatial distribution data, our results can aid conservation efforts 

by providing a proxy for soil stability in non-vegetated patches based on biocrust presence or 

absence. While more research is needed, these data suggest that erosion mitigation methods such 

as native out-planting for increased vegetation cover and sediment check dams that prevent the 

movement of sediment downhill may be implemented more effectively by highlighting specific 

target areas that are lacking in biocrust cover and are therefore at higher risk of erosion. 

Approaching land management for conservation in this targeted fashion would save time and 

allow for a more efficient use of resources. Knowledge of the soil-stabilizing effects of biocrusts 

in a spatial context can also be useful for directing the movements of field crews so as to avoid 

harming the very landscape they are working to improve. For example, biocrust distribution 

maps can be used to demarcate trails for field crews who are checking fence lines, out-planting, 

etc. so that they avoid areas of biocrust growth. These considerations are particularly important 

because biocrusts lose their soil-stabilizing ability when they are trampled (Kuske et al. 2012), so 

progression towards conservation goals necessitates consideration of biocrusts when traversing 

the landscape.  

3.42 Biocrusts and soil loss over time 

As expected, based on visual differences between the 2019 and 2016 mosaics, vegetation 

height increased during the time period studied. Surprisingly, the height of soil (as measured 

from elevation change) also increased within the biocrust cover type. Although biocrusts are 

considered an important factor in soil accumulation due to their ability to capture dust (Williams 

et al 2012), it is unlikely that an average 0.03m/pixel of soil accumulated within only the 

biocrust-covered portion of the study site over the relatively short time span that we studied. It is 

more likely that there were alignment errors between the two DSMs used to estimate elevation 

change. Although substantial effort was made to align the DSMs, there was still variation even 

among the “invariant” points. Data from sUAS platforms have been shown to be comparable to 

other high-resolution data collections systems, such as Light Detecting and Ranging (LiDAR), 

for soil transport estimates (Kaiser et al. 2014, Eltner et al. 2015, Neugirg et al. 2015) but 
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considering our large elevation change values and the unconfirmed quality of the 2016 data set 

we are unable to confidently say that our sUAS-based measurements reflect real values on the 

ground. However, additional field work could be undertaken to verify the elevation changes 

observed in our data set. More accurate, field-measured GCPs would improve the alignment of 

the DSMs and terrestrial LiDAR data could be collected to verify the changes that we measured 

via the DSMs. Our results could also be compared with traditional field methods, such as erosion 

pins that measure soil loss over time (Haigh 1997). There are currently erosion pins within our 

study site, and we hope to access the data sets from this equipment in the future. This would 

provide empirical estimates of soil loss or gain that could verify our results or, if our results are 

contradicted by the field data, guide future erosion-related geospatial data collection.  

The challenges associated with alignment of the two DSMs preclude reliable conclusions 

regarding specific soil change values. However, additional data collection may still verify the 

relative elevation changes that we observed among land cover types. We found a substantial 

difference in elevation changes between the biocrust and bare soil cover types, and much more 

negative elevation change in the bare soil cover than in the biocrust cover. Relative soil loss 

estimates are supported by the positive elevation change in the vegetation cover class between 

the DSMs. Vegetation is expected to increase in height over time, so the increase in elevation for 

the vegetation class indicates that the comparison of the DSMs is capturing at least some of the 

elevation change patterns in the way that one would expect. If the differences between the DSMs 

are indicative of real-life patterns of vertical change for vegetation, then it is possible that they 

are also realistically depicting the changes for bare soil and biocrusts. In addition, a visual 

comparison between the DSM differences and the 2019 mosaics provided in Figure 3-4 reveals 

that the distribution of sediment loss matches up with more bare surfaces and rills (surface 

grooves that run downhill, visible in purple in Figure 3-7) than vegetated areas. Erosion severity 

can be higher for rills than flat, exposed ground (Kimaro et al. 2008, Eltner et al. 2015), further 

supporting the idea that the patterns visible in our data may accurately reflect relative soil loss 

intensities across the study area even if the specific soil loss values are not reliable. 

If our observations are verified by future field data, the relatively lower soil loss rate in 

the biocrust-covered areas would suggest that biocrusts are holding soils in place and preventing 

them from being transported, and even that they may be building soils. The positive relationship 
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between biocrust cover and soil stability is well-documented (Belnap & Eldridge 2001, Belnap 

2006, Belnap et al 2008, Issa et al. 2001, Chaudary et al. 2016, Rodriguez-Caballero et al. 2018), 

and is further supported in the Kawaihae watershed by our research. Adding this direct measure 

of the impact of biocrust cover on erosion in the study area provides supporting evidence of the 

important role of biocrusts as an erosion-mitigating factor in the Kawaihae watershed. 

Knowledge of this previously-overlooked ecosystem component, combined with our highly-

detailed data sets of other land cover types, could assist ranchers and conservationists in more 

efficiently managing the landscape for multiple services.     

Field-verification of our results could also have implications for research on the influence 

of biocrusts on erosion. Field-based studies on the effects of biocrust cover on erosion rates have 

shown that areas without biocrust cover experience substantially more sediment loss than those 

that have biocrusts (Chamizo et al. 2017) and that higher biocrust development is associated with 

lower sediment loss (Barger et al. 2006). However, our research methods can potentially estimate 

sediment loss across a much larger area and without the need for time-consuming field work. If 

these initial results are verified, this methods could dramatically strengthen our spatially-explicit 

understanding of the link between the soil-stabilizing properties of biocrusts and erosion, as well 

as open the doors for further research into the spatial distribution of erosion and the influence of 

biocrust cover on multiple scales. 

3.43 Biocrusts and grazing ungulates 

Our results indicate that biocrust coverage is influenced by the presence of grazing 

ungulates in the study area, but not in the way that we had expected. Vegetation cover followed 

the expected pattern, with higher coverage in the exclusion site than in the grazed site. Similarly, 

there was more bare ground in the grazed site than in the exclusion site. Contrary to what we had 

predicted, the absolute cover of biocrust was higher in the grazed site than in the exclusion site 

(Figure 3-8). If we consider the space available for biocrust colonization, however, we see 

substantial differences between relative biocrust cover in the grazed and exclusion sites. In the 

grazed site, the non-vegetated areas were a roughly 50/50 ratio of biocrust and bare soil. In the 

exclusion site the ratio of biocrust to bare soil is closer to 75/25, indicating that biocrusts have 

colonized a larger proportion of the available area in the exclusion site.  
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We used the endmember method to distinguish between bare soil and biocrusts in the 

non-vegetated areas by way of reference spectra, but it necessary to note that this classification 

method does not include groundtruthed data sets for these land cover types. The ~1:1 ratio of 

bare ground cover to biocrust cover that we found in the grazed site is similar to groundtruthed 

classifications we performed in a nearby site also accessible to grazing animals (see section 

2.31). However, our research would benefit from groundtruthing biocrust and bare soil to verify 

the results presented here.       

Our results must also be interpreted within the context of our study site. For example, 

grazing at our site may not high be high enough to affect biocrust cover as dramatically as in 

areas where grazing is more intensive. Previous studies have found that biocrusts exhibit variable 

growth at different levels of grazing intensity (Thomas & Dougill 2007, Concostrina-zubiri et al. 

2013, 2014). However, definitions of grazing intensity levels are often inconsistent among 

studies, making direct comparisons difficult (Belnap & Eldridge 2001) and the different types of 

ungulates present in the paddock (cows and goats) have variable effects on soils (Eldridge et al. 

2017). In addition, the rotational grazing style used in the Kawaihae watershed complicates 

estimations of grazing pressure. Further research in these areas would help us to understand how 

grazing pressure has influenced our results and how grazing effects the interactions between 

vascular plants and biocrusts in our island ecosystems.  

The timespan of grazing exclusion may also influence the land cover patterns we found. 

Our exclusion site was chosen opportunistically, so we were limited to a single replicate that was 

fenced from grazers for ~10 years. Biocrust recovery after disturbance can vary according to 

localized climate, soil, and disturbance characteristics (Belnap & Eldridge 2001) and the 

recovery patterns of the biocrust communities at our exclusion site are not currently known. 

Biocrust growth rates have not been documented within the Kawaihae watershed or other 

drylands in Hawai’i, and further study in this subject area could clarify the timing of biocrust 

recovery following the removal of grazing.   

Vegetation was the dominant land cover in the exclusion site and left only ~25% of the 

site exposed and thus available for biocrust growth. By comparison, ~70% of the grazed site was 

available for biocrusts. The disparate proportions of biocrust cover across open spaces in grazed 

vs. exclusion sites indicates that grazing animals are having a negative impact on biocrust 



64 
 

abundance. Because plants are taking up so much more of the surface area when grazing is 

excluded, and because plants can outcompete biocrusts for sunlight, it makes sense that the 

overall cover of biocrusts (and bare ground) would decline. Further, although the total cover of 

biocrusts declines with grazing exclusion, the proportion of biocrusts relative to bare ground 

increases dramatically, suggesting that less of the soil not covered by plants would be at highest 

risk for erosion.  

The presence of biocrusts may have even promoted further plant growth by providing 

nutrients to the soil (Rodriguez-Caballero et al. 2018) and increasing nutrient uptake (Harper & 

Belnap 2001), thus furthering plant growth in the exclusion space. Despite the resulting 

reduction in space available for biocrusts, the biocrusts which are present may be providing 

additional benefits to this landscape as it recovers from grazing disturbance. In this way, 

increases in plant cover and the increased proportion of biocrust cover versus bare ground may 

both be increasing the stability of soils in the exclusion site.  

Aside from covering a larger portion of the available space, biocrusts in the exclusion site 

are also potentially more developed than those in the grazed site. Our classification method 

created a single biocrust class and did not differentiate between varying levels of development, 

so we do not know the extent of development at either site. It is possible, therefore, that the 

overall coverage of biocrust is higher in the grazed site but that the development level is lower. 

Trampling breaks apart biocrusts but does not necessarily cause mortality (Kuske et al. 2012), 

allowing for re-growth once protected from further disturbance. Re-growth of damaged biocrusts 

would facilitate development in the exclusion site to higher levels than biocrusts that are still 

under chronic disturbance in the grazed site. We omitted classifications of individual biocrust 

development levels because of the inability of our remote sensing classification scheme to 

accurately differentiate between varying levels of development (see section 2.51). We also 

omitted biocrust types, such as mosses and lichens, which are indicative of more progressed 

development and which, at least in other systems, provide very high stabilization to soils. We did 

not create classes for these biocrust types because they were not observed at adjacent field sites 

and a cursory, informal inspection of the grazing exclusion site did not reveal them to be present. 

This reveals an important limitation of the supervised classification approach, which is that it 

only considers classes that are user-defined. If the algorithm is not trained to look for a biocrust 
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type then it won’t classify it as such even if it is present on the ground. From our results we 

cannot definitively say whether biocrust types indicative of advanced stages of development are 

present in the exclusion area. Our study could be extended to include development levels, and 

our initial results could be verified, with other remote sensing techniques or field-based surveys 

of biocrust types. Deeper knowledge of biocrust development in grazed and non-grazed sites 

would provide more details to land managers about the time span needed for biocrust recovery in 

this watershed, as well as a more nuanced understanding of the influence of grazing animals on 

biocrust growth.  

Further research may support our findings, which would present several important 

considerations for conservation in the Kawaihae watershed. If biocrusts cover a larger proportion 

of the non-vegetated space when grazing animals are excluded, then grazing animals are causing 

impacts on the landscape that was previously known. Considering the multitude of ecosystem 

services that biocrusts provide, any effects on biocrusts from grazing animals could alter the 

function of the entire landscape. Understanding the effects of grazing on biocrusts can also be 

used to support management decisions and restoration in the watershed. From our data 

collection, we are now aware of the coverage of these beneficial communities when they are in a 

protected site. The services that biocrusts provide, such as soil stabilization and the promotion of 

plant growth, further exemplifies the importance of their protection as part of an overall 

restoration strategy.   
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Chapter 4: Conclusions 

 Historical land use patterns in the Kawaihae watershed have caused significant erosion 

with far-reaching effects. In addition to the impacts from soil loss on the terrestrial landscape, the 

adjacent marine ecosystem of Pelekane Bay has been significantly damaged by sediment 

deposition from the upslope landscape (DeMartini et al. 2013, Stender et al. 2014, Takesue & 

Storlazzi 2019) and important native Hawai’ian cultural sites have also been buried by sediment 

entering the bay (Cheney et al. 1997, Cochran et al. 2016). The impacts from erosion in the 

watershed are so pervasive that it is important to look beyond traditional mitigation approaches 

and take advantage of less-obvious soil stabilization factors. Biocrusts have the potential to play 

an important role in reducing sediment transport in the Kawaihae watershed, but up until now 

there has been no data on biocrust distribution in any of the Hawai’ian Islands.  

In this thesis, we present the first research into biocrust distribution on the Big Island. We 

have developed a novel mapping methodology for biocrusts using commercially-available sUAS 

platforms with cameras operating within visible wavelengths. We have integrated this data 

collection approach with well-established image processing and classification techniques to 

produce highly accurate and precise classified maps of biocrust distribution. Because of the 

accessibility of our approach, my methods can be applied to biocrusts in other parts of Hawai’i 

as well as other landscapes around the world. Using this methodology, other researchers could 

explore the spatial dimensions of biocrust growth over larger areas than would be feasible with 

traditional field methods, while still maintaining a high level of detail. This opens the door to 

research on larger-scale patterns of various biocrust metrics such as patchiness, edge effects and 

patch distribution. Our remote sensing approach can also be applied to places where biocrusts 

have been under-studied, which has been identified as a highly-important research topic (Weber 

et al. 2016). For example, sUAS platforms could be used to conduct exploratory surveys in areas 

that are likely candidates for biocrust colonization, based on local landscape and climate 

characteristics, and potential biocrust patches could be identified and groundtruthed using the 

same methods that we discuss in this thesis. This approach would be more efficient than 

traditional field-based methods for finding biocrusts, such as hiking transects, and has the added 

benefit of avoiding disturbance. 
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In addition to the development of a mapping methodology, we present the first research 

on the relationship between biocrust development and soil stability in the Hawai’ian Islands, 

specifically the Kawaihae watershed. Our research shows that biocrusts enhance soil stability in 

the watershed and that any stage of surface development confers higher resistance to breakdown 

than exposed soil alone. Soils that contain biocrusts are therefore less likely to be transported by 

erosive forces towards Pelekane Bay, providing benefits to the marine ecosystems of west 

Hawai’i as well as the terrestrial landscape. Our research provides insight into a previously-

overlooked factor influencing erosion in Kawaihae watershed, which broadens our understanding 

of soil dynamics within this landscape.  

Based on our findings, biocrusts should be taken into consideration during future 

restoration activities in the Kawaihae watershed. Biocrust distribution data could be incorporated 

when planning activities that involve moving people and equipment across the landscape. 

Conservation agencies could also consider cultivation and out-planting of biocrusts as an 

additional restoration strategy. Although additional feasibility analysis would be necessary and 

although research on biocrust out-planting is still underway, inoculating sites with biocrusts may 

provide a substantial benefit at less cost than planting and irrigating individual grasses and 

shrubs. Future erosion modelling for the watershed should also consider biocrusts when 

parameterizing land cover types. There are models such as the Rangeland Hydrology and 

Erosion Model (RHEM), which incorporates biocrust cover and is optimized for use in drylands 

(Nearing et al. 2001), that could be applied to the Kawaihae watershed to generate a more 

accurate analysis of erosion risk. Erosion modelling could also include the very high-spatial 

resolution data sets that we generated during the course of this research. These data sets would 

allow for predictions of sediment loss at small spatial scales, which could aid in restoration 

initiatives such as construction of sediment check dams. 

Because of data collection and analysis limitations, some of our findings are more 

appropriately considered preliminary results. Biocrusts may directly influence soil loss over 

time, but challenges with aligning two different spatial data sets prevents me from drawing 

concrete conclusions surrounding the specific soil loss values that we obtained. Similarly, the 

presence of grazing animals may have a significant impact on biocrust growth in the Kawaihae 

watershed, but image classification accuracies and site-specific considerations limit the 
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confidence that we have in our results. However, in both cases we have observed trends that may 

be verifiable through additional research. We hope to further explore the initial patterns that 

we’ve seen in this research by collecting more accurate geospatial data with aerial and/or land-

based systems in conjunction with additional field data. 

In addition to supporting conservation in Hawai’i, this thesis expands the biocrust 

knowledge base. Biocrust research has so far been mostly limited to continental regions (Bowker 

et al. 2016). Our research provides insights on biocrusts in an island landscape that is also 

extremely geographically isolated, promoting further exploration of biocrust dispersal patterns 

and evolutionary trends. Previous research on biocrusts in an island ecosystem, San Nicholas 

Island off the coast of California, resulted in the description of nine new species of cyanobacteria 

and algae (Fletchner et al. 2008). Considering the geography and evolutionary history of the 

Hawai’ian Islands, there is a high possibility of future research leading to the discovery of 

additional new species which would, in turn, further our knowledge of biocrusts worldwide. 

Biocrusts have been referred to as “diminutive communities of global importance” (Ferrenberg et 

al. 2017). We encourage other researchers to explore the role that biocrusts play in conservation 

of Hawai’ian drylands and to further investigate Hawai’ian biocrusts within the context of 

general biocrust research. 
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