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ACRONYMS AND DEFINITIONS

ASTER Advanced Spaceborne Thermal Emission and Reflection Radiometer
ETM+ Enhanced Thematic Mapper Plus

EVI Enhanced Vegetation Index

GIS Geographic Information System

IKONOS A commercial Earth observation satellite, typically, collecting sub-meter to 5 m data
ISODATA Iterative Self-Organizing Data Analysis Technique

LiDAR Light Detection and Ranging

MERIS Medium Resolution Imaging Spectrometer

MODIS Moderate-Resolution Imaging Spectroradiometer

NASA National Aeronautics and Space Administration

NDVI Normalized Difference Vegetation Index

NIR Near-Infrared

NOAA National Oceanic and Atmospheric Administration

OLI Operational Land Imager

PROSAIL Combination of PROSPECT and SAIL, the two nondestructive physically based
models to measure biophysical and biochemical properties
PROSPECT Radiative transfer model to measure leaf optical properties spectra

SAIL Scattering by Arbitrary Inclined Leaves
SAVI Soil Adjusted Vegetation Index

SVM Support Vector Machines

SWIR Shortwave Infrared

™ Thematic Mapper

UAS Unmanned Aircraft Systems

USDA United States Department of Agriculture
VIIRS Visible Infrared Imaging Radiometer Suite

12.1 INTRODUCTION

Rangelands are a type of land cover dominated by grasses, grass-like plants, broadleaf herba-
ceous plants (forbs), shrubs, and isolated trees, usually in which large herbivores evolved as part
of the ecosystem. In many rangelands, the large herbivores were replaced by livestock, and thus
livestock grazing represents a major land use for production of food and fiber. Sustainability is
maintained by species diversity (Kouba et al., 2024; Retallack et al., 2023; Hooper et al., 2005;
Tilman et al., 2006, 2012; Zaveleta et al., 2010; Reich et al., 2012) and reduction of biodiver-
sity is expected to be one of the major consequences of global climatic change (Soussanna and
Liischer, 2007; Janetos et al., 2008; McKeon et al., 2009; Pereira et al., 2010, 2012; Belgacem and
Louhaichi, 2013; Joyce et al., 2013; Polley et al., 2013). Along with climatic change, invasions of
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non-native species are threatening rangeland sustainability by decreasing native species diversity
(Retallack et al., 2023; Thornley et al., 2023; Matongera et al., 2021; Sawalhah et al., 2018; Jafari
et al., 2017; McCord et al., 2017; Bradley et al., 2009; Lavergne et al., 2010; Ziska et al., 2011).

Rangelands cover large, sparsely populated areas; thus, remote sensing is becoming much
more important for rangeland monitoring, whether the objectives are sustainable livestock for-
aging or maintenance of other ecosystem goods and services with climatic change. Different
stakeholders at the national, state/province, and landscape scales have different needs, which
may require remotely sensed data at different spatial, temporal or spectral resolutions. Reeves
et al. (Chapter 11 of this volume) examined the relationship between rangeland productivity and
climate, which highlights some of the direct mechanisms on how rangelands may respond to
increased atmospheric CO,, global warming, and changes in precipitation regimes. Methods
and techniques of rangeland characterization using remote sensing are covered by Kumar et al.
(Chapter 12 of this volume).

Monitoring the biodiversity of rangelands is critical for maintaining sustainability; therefore, one
of the major challenges for remote sensing is how to use imagery to estimate biodiversity (Kouba
et al., 2024; Ocholla et al., 2024; Fenetahun et al., 2022; Matongera et al., 2021; Sawalhah et al.,
2018; Jafari et al., 2017; McCord et al., 2017; Ludwig et al., 2004; John et al., 2008; Gillespie et al.,
2008; Huang and Asner, 2009; Ward and Kutt, 2009). Diversity of plant functional types (PFTs) may
be a good indicator of biodiversity, and determining the diversity of PFTs by remote sensing may be
easier than determining plant species richness (Ustin and Gamon, 2010). However, land-cover and
land-use maps based on global-scale PFTs (Running et al., 1995; Friedl et al., 2010) do not provide
sufficient information for conserving and managing rangelands.

This chapter examines data types and methods for remote sensing of biodiversity at differ-
ent resolutions: spectral, temporal and spatial. Medium resolution sensors, such as the Landsat 8
Operational Line Imager (OLI), generally have resolutions on the order of 10-60 m, 10-20 days,
and 4-10 bands for spatial, temporal and spectral resolutions, respectively. High spectral resolution
(hyperspectral) sensors generally have 100 or more contiguous bands, which are used to determine
a reflectance spectrum of the land surface. High temporal resolution is usually provided by satel-
lites, such as the MODerate resolution Imaging Spectroradiometer (MODIS), that have a broad
swath (>400 km) in order to cover the Earth frequently. Commercial vendors provide satellite data
with panchromatic bands of about 0.5 m and multispectral bands of about 2—3 m spatial resolution,
but for this chapter, high spatial resolution (HSR) data have pixel sizes of 10 cm or less, and are
acquired by aircraft or ground-based imaging.

To be useful for rangeland managers, remote sensing data must be able to estimate biodiversity
at a landscape scale, and the information must be compatible with rangeland management systems
based on ecological sites, rangeland state-and-transition models, and rangeland health. With over
40 years of data acquired from the Landsat satellites, and extensive programs of research, Landsat
imagery have not been used routinely to provide information necessary to affect managers’ deci-
sions on which land areas are used for a given purpose at a given time. Remote sensing data provid-
ers and analysts must adapt to the needs of rangeland managers, and the needs are increasingly being
driven by issues of sustainability, based on maintaining biodiversity. Therefore, we briefly describe
rangeland management concepts and then describe remote sensing data and methods related to
rangeland biodiversity. From this perspective, we conclude that HSR data acquired from aircraft
provide the necessary data and will have the highest impact on management decisions. However,
HSR data have their own unique challenges.

12.2 BIODIVERSITY AND RANGELAND MANAGEMENT

A plant community is a set of interacting species co-occurring at a given site, with domi-
nant species identified by mass and typical longevity of an individual. Management of U.S.
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rangelands was built on Clements’ (1916) theory of plant succession where the dominant plant
species changed over time to a set of species in equilibrium with climate, which is defined as the
climax plant community (Brown, 2010). These communities were assumed to have the highest
sustainable productivity and greatest resistance to invasive species. Overgrazing was assumed to
reverse the plant community to an earlier stage of succession (Sampson, 1919). For monitoring
and management, rangeland sites were defined by assuming the climax plant community was
the dominant plant community at the onset of European immigration and settlement into the
Western United States.

However, it was recognized that with natural disturbances such as fire, drought and grazing,
plant succession was much more dynamic and variable. Furthermore, after severe overgrazing and
soil erosion, it was unlikely that the climax community could re-establish itself without costly inter-
ventions. In response to the deficiencies of Clementsian succession, two ideas emerged in parallel
(Briske et al., 2005): state-and-transition models (Brown, 1994, 2010), and rangeland health (NRC,
1994). To better guide range management based on these two ideas, the concept of rangeland sites
was replaced with the concept of ecological sites in which the various plant communities are in a
dynamic equilibrium determined by the natural disturbance regime.

12.2.1 EcoLoGIcAL SITES AND STATE-AND-TRANSITION MODELS

An ecological site is a conceptual division of the landscape, defined as a distinctive kind of land based
on recurring soil, landform, geological, and climate characteristics that differs from other kinds of
land in its ability to produce distinctive kinds and amounts of vegetation and in its ability to respond
similarly to management actions and natural disturbances.

(Caudle et al., 2013)

In the U.S., the top-levels of a hierarchical classification system based on soil, landform, geol-
ogy, and climate are the Land Resource Region (LRR) and Major Land Resource Area (MLRA),
defined by the USDA NRCS (2006). Subdividing MRLAs based on finer scale differences in
climate, geomorphology and soils, the next level down in the hierarchy is the Land Resource
Unit (LRU), LLRs, MLR As, LRUs, and ecological sites are provisional and may be revised with
more information (Moseley et al., 2010; Caudle et al., 2013). In a MRLA or LRU, ecological
sites are identified by a reference state (State 1) and reference plant community (Community
Phase 1.1), based on the dominant vegetation thought to be present at the time of European
immigration and settlement (Figure 12.1). Ecological sites are divided into a series of alterna-
tive states (States 2, 3 . . . to some number N), which recognize new sets of stable communities
that become self-perpetuating (Figure 12.1). Land areas in most alternative states are not bar-
ren wastes; with appropriate management, these areas may be used sustainably by preventing
further degradation.

The definition of an ecological site raises an important drawback for remote sensing — the refer-
ence plant community is usually inferred from a wide variety of sources, and mapped using geo-
graphic information data. An ecological site is not defined by the plant community that is currently
occupying it; therefore, remotely sensed land cover, at any resolution, cannot be used to define an
ecological site. Whereas ecological sites are not defined by the plant communities, ecological states
may be mapped using characteristic plant communities determined from high-resolution aerial pho-
tographs (Steele et al., 2012).

Within an ecological state (for example, Reference State 1, Figure 12.1), various plant community
phases result from natural disturbances (including grazing by livestock) and subsequent plant suc-
cession leads back to the reference community phase (Figure 12.1). Together, all of the community
phases in Reference State 1 represent the natural range of variation found over time (Caudle et al.,
2013). Land areas in Community Phases 1.2, 1.3, and 1.4 are not considered degraded simply because
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the plant community is not in Phase 1.1, even though there may be fewer species and less biomass.
Change detection must distinguish between changes within a state compared to a change of state. For
example, there is less foliar mass in grasslands either after a drought (a frequent occurrence within
the range of natural variability) or after severe overgrazing by livestock (which frequently entails a
state change; Stafford Smith et al., 2007). Demonstrating a change with remote sensing is not a dem-
onstration that a state-change has occurred (Thornley et al., 2023; Matongera et al., 2021; Sawalhah
et al., 2018; Jafari et al., 2017; McCord et al., 2017 (Bastin et al., 2012; Bradley, 2013).

State-and-transition models are provisional hypotheses that describe the ecological processes
leading to transitions (T1.A, T1.B, Figure 12.1) from one state to another (Caudle et al., 2013).

For example, invasion of downy brome (Bromus tectorum L.) into Great Basin sagebrush ecosys-
tems increased the frequency of fire, which enhanced the dominance of downy brome in a feedback
loop (Balch et al., 2013).

Thresholds are the conceptual boundaries dividing alternative states which are crossed during
transitions (Briske et al., 2005, 2006; Bestelmeyer, 2006). Ecological resilience describes how
much disturbance an ecological site can withstand without crossing a threshold into an alterna-
tive state; operationally, resilience may be defined as multiple species having the same ecologi-
cal function (Questad et al., 2022; McCord et al., 2017; Elmqvist et al., 2003; Folke et al., 2004;
Allen et al., 2005; Briske et al., 2008). For most stakeholders, the goal for monitoring rangelands
is to determine if an ecological site is in the process of transitioning to alternative state. These
transitions are not distributed evenly over an area or over time, so monitoring plant communi-
ties requires a larger and longer perspective (Bestelmeyer et al., 2011; Williamson et al., 2012).
Determining the amount of species diversity, or at least an array of PFTs, is a primary objec-
tive for developing science-based, cost-effective tools for rangeland monitoring based on remote
sensing.

Rangeland State and Transition Model
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FIGURE 12.1 State-and-transition model for an ecological site in the USA. Outer boxes (solid lines) repre-
sent stable ecological states (A, B, . .., N) within which changes in community phases (dashed lines) result
from natural disturbances and succession (arrows). State 1 is the reference state and community phase 1 rep-
resents the historic climax plant community. Other community phases represent the range of natural variation
and may be identified by dominant plant species. Transitions from one state to another stable state occur when
a threshold is crossed (bold arrows), which is usually irreversible without intensive inputs.
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12.2.2 BioDIVERSITY METRICS FOR MANAGING AUSTRALIAN RANGELANDS

Rangelands, including tropical savannas, woodlands, shrublands and grasslands, make up 75% of
Australia, with 55% of these rangelands being grazed by livestock. The Australian Collaborative
Rangelands Information System (ACRIS) was set up in 2002 to support the Commonwealth and
state governments in better managing the rangelands (Bastin et al., 2009; Eyre et al., 2011a; Oliver
et al., 2014). In Australia, each state has its own regulations and methods of assessing and manag-
ing rangelands, and ACRIS is the overarching body that supports this by collating and synthesizing
the monitoring data and making these data available to interested parties. This information assists
natural resource management organizations, state governments, and the commonwealth in planning
and reporting obligations, and evaluating the effectiveness of investments.

For determining the health, condition and biodiversity of rangelands, extensive surveys on a
repeated basis are essential. Surveys of species presence and abundance are time consuming and
expensive if undertaken at broad scales. For rapid monitoring, three states developed multi-metrics
for biodiversity to help in the assessment of site conditions:

(1) BioCondition (in Queensland),
(2) Habitat Hectares (in Victoria), and
(3) BioMetric (in New South Wales).

BioCondition is a vegetation and biodiversity assessment framework developed by the Queensland
Department of Resource Management to provide on-site guidance to beginners and document the
assessment process for future revision and comparison (Eyre et al., 2011b). Various surrogates are
used to represent the health and condition of the environment being assessed. The BioCondition
Assessment Tool uses cameras on mobile devices to take visual evidence of flora and uses an inter-
active means to identify the flora. Keeping a visual record and associating this with a descrip-
tion can be used by experts at a later stage for validation purposes. Repeated measurements and
comparisons of the BioCondition Index provides a measure of how well a terrestrial ecosystem is
functioning and this can then be linked to biodiversity values. It should be noted that BioCondition
is more geared to be used at the local or property scale.

In Victoria, the Department of Sustainability and Environment has developed the Habitat
Hectares method for estimating the quality of an area of vegetation (Parkes et al., 2003). It is mainly
geared towards native vegetation and includes site-based measures of quality and quantity of vegeta-
tion and condition within the landscape context. Habitat Hectares provides a step-by-step approach
to habitat and landscape assessment in the field and includes useful tips for ensuring consistency of
application. Vegetation condition is determined by utilizing variables such as presence and amounts
of weeds, amounts of log and leaf litter, cover and diversity of understory, and canopy cover and
presence of older trees. Repeat measurements and comparisons against pre-determined benchmarks
allows for the calculation of native vegetation losses and gains.

BioMetric is a terrestrial biodiversity assessment tool used in New South Wales (Gibbons et al.,
2008, 2009). It is mainly applicable for assessment at the paddock or property scale and assesses
losses of biodiversity from proposed activities, gains in biodiversity from proposed offsets, or gains
in biodiversity as a result of management actions. In BioMetric, the vegetation is assessed against
benchmarks, which are quantitative measures of the range of variability in the condition compared
to pre-European settlement. Vegetation condition benchmarks are available by vegetation class and
BioMetric compares the current or predicted future condition against this benchmark to denote
scores that are then converted to a metric.

Currently, no satellite or aircraft data products are used to determine BioCondition, Habitat
Hectares, or BioMetric, although research is being conducted in this area. To conclude, monitoring
rangeland biodiversity is the basis of management in Australia, so the question is how biodiversity
could be measured more efficiently and accurately by remote sensing.
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12.2.3  AssSesSING RANGELAND HEALTH BY REMOTE SENSING

Rangeland health is the degree to which soils and vegetation are maintained which would sustain the
kinds and amounts of vegetation that would typically occur for that site (NRC, 1994; Pyke et al., 2002).
A series of 17 qualitative indicators (with two optional indicators, Table 12.1) are intended to help
people with some training to determine rangeland health on the ground in a consistent manner. An
overall rating of rangeland health is determined by a preponderance of evidence (Pellant et al., 2005).
Multiple indicators of rangeland health (Table 12.1) are related to the ecological processes leading
to transitions between alternative states at an ecological site (Caudle et al., 2013). These indicators
may show that a site is either at risk for a transition or has crossed the threshold to an alternative state
(Figure 12.1) when monitored on the ground (Herrick et al., 2005a, 2005b). Probably, not all indica-
tors need to be determined (MacKinnon et al., 2011); the three most important in Table 12.1 are:

1. Bare ground cover (Indicator 4),
2. Vegetation composition (Indicator 12), and
3. Presence of invasive species (Indicator 16).

Gaps of bare ground may be the single most-important indicator for rangeland health (Booth and
Tueller, 2003).

TABLE 12.1

Indicators of Rangeland Health (Pellant et al., 2005). By examining several qualitative
indicators to establish a “preponderance of evidence,” an overall assessment of soil and
site stability, hydrologic function, and biotic integrity may be made. In the third column,
we suggest the potential remote sensing methods suitable for monitoring the indicator.

Rangeland Health Indicator Assessment Potential Data Type*
1. Rills in soil Active soil erosion by water HSR
2. Water flow patterns Water infiltration/runoff HSR
3. Pedestals/terracettes Active soil erosion by wind or water
4. Bare ground cover/gap sizes Potential soil erosion by wind or water ~ HSR, Hysp, Medium resolution
5. Gullies Active soil erosion by water HSR, LiDAR
6. Wind-scoured/deposition areas Active soil erosion by wind HSR
7. Litter movement Soil erosion by wind or water HSR
8. Soil surface resistance to erosion Soil quality
9. Soil surface loss/degradation Soil quality
10. Community composition and distribution ~ Water infiltration/runoff HSR
11. Compaction layer Water infiltration/runoff
12. Vegetation composition/functional Biogeochemical cycles HSR, Hysp
groups
13. Plant mortality/decadence Population dynamics HSR
14. Litter amount Soil quality Hysp
15. Net primary production/green leaves Biogeochemical cycles fPAR
16. Invasive plants Population dynamics and HSR, Hysp, fPAR
biogeochemical cycles
17. Perennial plant reproduction Population dynamics HSR
18. Biological crusts on soil (optional) Soil quality Hysp
19. Vertical vegetation structure (optional) Animal communities HSR, LiDAR

* Abbreviations are: HSR—high spatial resolution, Hysp—high spectral resolution (hyperspectral), LIDAR—Iight detection
and ranging, fPAR—high temporal resolution estimating the fraction of absorbed photosynthetically active radiation.
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Table 12.1 (third column) lists the potential data sources for 15 of the 19 indicators. The data res-
olution, which provides the information about an ecological process, is given instead of the sensor
name, because the spectral, temporal, and spatial resolutions overlap among different sensors. For
detecting gaps of bare ground (Indicator 4), HSR provides direct measurements of cover, whereas
hyperspectral (Hysp) and medium resolution data could be used either for direct estimates using
spectral unmixing or indirect estimates using spectral indices.

Image classification for vegetation composition (Indicator 12) is one of the primary applications
and research areas in remote sensing (Lu and Weng, 2007; Franklin, 2010). In general, the two
methods for classification are supervised and unsupervised (Maphanga et al., 2022, Questad et al.,
2022, Dube et al., 2021). Supervised classification uses known areas on the ground to create rules
(training) for assigning a pixel to a specific category. Unsupervised classification groups similar pix-
els, which are assigned to different categories afterwards. Independent areas on the ground are then
used for assessing the accuracy of the classification (Congalton and Green, 2008; Olofsson et al.,
2013). Based on the PROSAIL model (Jacquemoud et al., 2009), the major interacting variables
affecting spectral reflectance from a plant canopy are: (1) leaf area index; (2) plant structure and
leaf angle distribution; (3) soil background reflectance; (4) positions of the Sun, target, and sensor;
and (5) leaf spectral reflectance and transmittance. A plant community or functional type will have
similar structural and spectral properties, and to the extent they have constant leaf area index and
plant density on similar landscapes, the community or functional type will comprise a single class
on an image.

Remote sensing of invasive species (Indicator 16) is based on some detectable difference between
the invasives and native species (Ocholla et al., 2024, Thornley et al., 2023, Questad et al., 2022,
Hunt et al., 2003; Underwood et al., 2003; Asner, 2004; Madden, 2004; Franklin, 2010; He et al.,
2011; Pu, 2012; Bradley, 2013), either spectrally (Section 11.4.2), temporally (Section 11.5.3), or
spatially (Section 11.6.3). Most invasive plant species need to be detected at the initial stages of
infestation for control, perhaps limiting the usefulness of medium resolution and high temporal
resolution sensors. In the Western United States alone, there are more than 300 species of invasive
weeds. According to DiTomaso (2000), the five most problematic are:

(I) downy brome (B. tectorum also called cheatgrass);

(2) yellow star thistle (Centaurea solstitialis L.);

(3) spotted knapweed [C. stoebe L., the synonym C. maculosa is more common in the
literature];

4) diffuse knapweed (C. diffusa Lam.); and

(5) leafy spurge (Euphorbia esula L.).

Added to this list is tamerisk (Tamerix spp., also called salt cedar), a shrub spreading along rivers
and streams in the western United States (Nagler et al., 2011).

12.2.4 REMOTE SENSING FOR ANIMAL BIODIVERSITY

The use of remote sensing to estimate animal diversity is increasing. Leyequien et al. (2007)
listed five variables that relate to animal needs for food and shelter (Table 12.2). Habitat suitability
uses land-cover class determined with medium resolution satellite data, particularly bird species
(Gottschalk et al., 2005). Productivity and phenology (Variables 2 and 3, Table 12.2) are important
variables that are determined from high temporal resolution data which are related to animal biodi-
versity (Pettorelli et al., 2011). Correlations between animal species diversity and plant production
were established before satellite data were available (Gaston, 2000), although the underlying causes
for the correlations are being debated. Habitat structure (Variable 4, Table 12.2) combines several
attributes in a given area: variation the amount of bare soil and vegetation, variation in the occur-
rence of PFTs, and variation of shadows related to the vertical structure of vegetation. Estimates
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TABLE 12.2
Variables for the Remote Sensing of Animal
Biodiversity According to Leyequien et al. (2007)

Variable Potential Data Type*

1. Habitat suitability Medium resolution

2. Photosynthetic productivity fPAR

3. Multi-temporal patterns fPAR

4. Habitat structure Medium resolution, LIDAR, HSR
5. Forage quality Hysp

*

Abbreviations defined in Table 12.1.

of image heterogeneity are strongly related to habitat structure and biodiversity (Section 11.3.2).
Vertical habitat structure is measured directly at high spatial resolution using either Light Detection
and Ranging (LiDAR) or stereo HSR. Forage quality (Variable 5, Table 12.2) depends on the pro-
tein and fiber consumed by herbivores, and may be detectable with hyperspectral remote sensing
(Section 11.4.2) or with commercial satellite sensors that have bands at the red-edge of the chloro-
phyll absorption spectrum.

12.3 MEDIUM RESOLUTION REMOTE SENSING

The Landsat series of satellites are the archetype of medium resolution remote sensing and have
provided data globally for over 40 years. Landsat’s 4 and 5 carried the Thematic Mapper (TM) sen-
sor (Figure 12.2), Landsat 7 carries the Enhanced Thematic Mapper Plus (ETM+), and the recently
launched Landsat 8 carries the Operational Land Imager (OLI) with two new bands (Figure 12.2).

Red and near-infrared spectral indices have been a standard method in analysis of multispec-
tral data since the Landsat 1 was launched to enhance differences between soil and vegetation
(Figure 12.2) and to reduce effects of atmospheric transmittance and solar irradiance from either
time of year or topography. The spectral indices used most frequently in remote sensing are the
Normalized Difference Vegetation Index (NDVI, Rouse et al., 1974; Tucker, 1979), the Soil Adjusted
Vegetation Index (SAVI, Huete, 1988), and the Enhanced Vegetation Index (EVI, Huete et al., 2002).

Seasonal and annual precipitation totals in rangelands have high variability, so drought is rela-
tively frequent. Vegetation index differences among images acquired on the same day of the year
for different years may be from: (1) drought, (2) recent grazing, (3) fire, or (4) a state change of
the ecological site. Long-term monitoring is the only way to distinguish among these possibilities
to account for the natural range of variation at a single ecological site (Parracciani et al., 2024;
Angerer et al., 2023; Maphanga et al., 2022; Questad et al., 2022; Washington-Allen et al., 2006;
Bastin et al., 2014). Comparisons of vegetation indices for a specific area in relation to the average
for all areas of that ecological site will highlight areas that have changed or in the process of chang-
ing to another ecological state (Maynard et al., 2007; Williamson et al., 2012).

Wildlife and livestock grazing patterns in rangelands are not random; they selectively graze
areas with high forage quality (Angerer et al., 2023; Kleinhesselink et al., 2023; Sawalhah et al.,
2018; Jafari et al., 2017; McCord et al., 2017, Ramoelo et al., 2012; Zengeya et al., 2013). There are
several management changes that affect livestock grazing patterns at the landscape scale, such as
fences and locations for water (Kleinhesselink et al., 2023; Questad et al., 2022; Jafari et al., 2017,
McCord et al., 2017; Washington-Allen et al., 2004; Bastin et al., 2012). In contrast, wildlife feed in
areas with sufficient cover from predators. In the future, determining the non-random grazing pat-
terns at a landscape scale may be important information to manage biodiversity.
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FIGURE 12.2 Spectral reflectances of a healthy green leaf (green line), old leaf litter (gray), and dry soil
(brown line). Along the bottom are the wavebands for the Landsats 4 & 5 Thematic Mapper and along the top
are the wavebands for the Landsat 8 Operational Line Imager. The width of each bar shows the spectral width
of each waveband.

12.3.1  SpecTRAL UNMIXING

There is a large spectral difference between vegetation and soils, primarily at red and near-infrared
wavelengths (Figure 12.2). Differences in the short-wave infrared region are small if the vegetation
and soil are either dry or moist, and are large if the leaves are moist and the soils are dry (Figure
12.2). Linear spectral mixture models are generally thought of as a method for analyzing hyper-
spectral data (Roberts et al., 1993); however, Adams et al. (1986) developed this method using mul-
tispectral data. There are several important assumptions for linear spectral unmixing:

1. The fractional covers are non-negative and sum to one,
2. No multiple scattering among the spectral components (endmembers), and
3. All of the spectral components are known.
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Distinct patches of vegetation, litter, and bare soil meet these assumptions; whereas within a patch
of vegetation, multiple scattering between individual plants and soil creates nonlinear mixing.
The simplest case of a linear spectral mixture model has two spectral components (S, and S,):

S,=fS,+(1-pS, (12.1)

where S, is the sensor measurement, f is the percentage of the first component, and (1 — f) is the
percentage of the second component. If the two components are vegetation and soils (Figure 12.2),
Equation 12.1 may be rearranged and solved for f:

f=(Sx_S2)/(Sl_Sz) (12.2)

thus, the percentage of bare soil may be calculated directly from the sensor data, and an indicator
of rangeland health becomes unambiguously measured.

From Equation 12.2, vegetation indices based on near-infrared (NIR) and red wavebands are
nonlinearly related to the fractional cover of vegetation and soil (Jiang et al., 2006; Montandon and
Small, 2008). Empirical relationships between fractional cover and vegetation indices have prob-
lems because there is a large amount of variability in soil spectra, particularly in rangelands where
plant cover is low. Equation 12.2 is also used to normalize NDVT for a site (S,) based on maximum
NDVI for the year (S;) and minimum NDVI for the year (S,), where fis called the vegetation condi-
tion index (Kogan et al., 2003).

Equation 12.1 may be extended to include other spectral components such as plant litter, other
non-photosynthetic vegetation, and crop residue (Retallack et al., 2023; Maphanga et al., 2022;
Sawalhah et al., 2018; Davidson et al., 2008; Guerschman et al., 2009). In some areas, broadband
spectral indices may be used to calculate plant litter cover based on statistical regressions (Thornley
et al., 2023; Fenetahun et al., 2022; Sawalhah et al., 2018; McNairn and Protz, 1993; van Deventer
et al., 1997; Marsett et al., 2006). However, it is often difficult to distinguish bare soil from plant
litter with medium-resolution data, particularly when the soil and litter are moist (Daughtry and
Hunt, 2008).

12.3.2 HABITAT HETEROGENEITY AND STRUCTURE

In general, landscapes with a large diversity of cover types and vertical structure also have a high
amount of species diversity (Kouba et al., 2024; Kleinhesselink et al., 2023; Maphanga et al., 2022;
Questad et al., 2022; Jafari et al., 2017; McCord et al., 2017; Fuhlendorf and Engle, 2001; Tews et al.,
2004; Gillespie et al., 2008). Image texture is a general term for the amount of heterogeneity in
gray-scale values surrounding a pixel, and there are different statistical formulae (randomness, vari-
ance, skewness, entropy, correlation, and more) used for calculating texture (Ocholla et al., 2024;
Retallack et al., 2023; Questad et al., 2022; Dube et al., 2021; Haralick et al., 1973; Franklin and
Waulder, 2002; Wood et al., 2012). It is recognized that heterogeneity is a function of scale (Haralick
et al., 1973; Franklin and Wulder, 2002), so image texture needs to be evaluated with both medium
resolution data and higher-resolution commercial satellite data (Johansen and Phinn, 2006).

Plant species richness is strongly related to remotely sensed texture for different regions (Gould,
2000; Dobrowski et al., 2008). Commercial satellite sensors such as DigitalGlobe’s WorldView-2
have a panchromatic band with about 0.5-m pixel resolution and multispectral bands with about
2-m pixel resolution. Plant species richness can be determined with these data using various meth-
ods of analysis (Parracciani et al., 2024; Thornley et al., 2023; Dube et al., 2021; Hall et al., 2012;
Mansour and Mutanga, 2012; Adelabu et al., 2013; Dalmayne et al., 2013; Miillerova et al., 2013).
When pixels are smaller than image features, object-based classification creates clusters from adja-
cent pixels based on spectral information and texture (Yu et al., 2006; Dobrowski et al., 2008;
Blaschke, 2010).
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Remotely sensed image texture may have more information when flow direction of water and
other resource flows are included. Ludgwig et al. (2000, 2002) developed a spatial index (Leakiness)
to examine the connections among patches of bare soil, which is related to water flow patterns and
the potential to lose soil and nutrients. Later, Ludwig et al. (2006, 2007), using ideas based on spec-
tral unmixing, extended the Leakiness index to landscapes using Landsat Thematic Mapper data.

Habitat suitability for a given bird species is usually known, so land cover data from medium
resolution satellites have been used to predict species distribution (Gottshalk et al., 2005). Small
scale disturbances create mosaics of different vegetation types and the resulting heterogeneity was
associated with greater species richness (Fuhlendorf et al., 2006). Image texture is sensitive to
small variations of both vertical structure and vegetation mosaics for determination of bird species
richness in a variety of habitats (Retallack et al., 2023; Questad et al., 2022; Sawalhah et al., 2018;
Jafari et al., 2017; McCord et al., 2017; St. Louis et al., 2009; Bellis et al., 2008; Culbert et al., 2012;
Wood et al., 2013).

12.3.3  ASSESSMENT OF MEDIUM REsoOLUTION

During most of the operational life of Landsats 4 and 5, the data were licensed commercially and
thus had limited availability for rangeland management. The economic value per area of range-
land is low, but the total value is high because of the large areas of rangelands on Earth. The U.S.
Geological Survey has made the entire archive of Landsat data available free of charge (http:/land
sat.usgs.gov), and analysis of this long-term archive will provide important insights into the patterns
and processes of ecological states (Retallack et al., 2023; Thornley et al., 2023; Fenetahun et al.,
2022; Maphanga et al., 2022; Jafari et al., 2017; McCord et al., 2017, Washington-Allen et al., 2006;
Hernandez and Ramsey, 2013; Bastin et al., 2014).

We included the new commercial satellites (IKONOS, GeoEye, and WorldView) with pixel sizes
between 2 and 5 m for the multispectral bands in this section, because the commercial sensors will
be analyzed in large part with the same techniques that are currently used to analyze medium reso-
lution data. Specifically, commercial satellite data will be used to estimate vegetation biomass using
spectral vegetation indices, classify habitat suitability from land cover, and estimate vegetation
structure with image texture. Some commercial satellite sensors include a band at the red edge of
the chlorophyll absorption spectrum, which provides better information on forage quality compared
to current medium resolution sensors. But the main disadvantage of commercial satellites is that
these are pointed to specific areas, thereby missing adjacent areas on that satellite orbit.

12.4 HIGH SPECTRAL RESOLUTION

Acquisition and analysis of high spectral resolution data, properly called imaging spectrometer
data, but ubiquitously called hyperspectral remote sensing, obtains radiance data in numerous, nar-
row, contiguous bands over a target (Green et al., 1998). With atmospheric correction, the reflec-
tance spectrum of the target is calculated (Gao et al., 1993). From the reflectance spectrum, the
identity of the target is determined based on chemical composition.

Linear spectral unmixing may be able to distinguish one spectral component (endmembers)
more than the number of bands (Equation 12.1), if the components are known. However, the reflec-
tances at one waveband are highly correlated with those nearby, so the effective number of spectral
components is much less than the number of bands (Thorp et al., 2013). Usually, the number of
spectral components is not known, or there is multiple, nonlinear scattering among them, which
increases the complexity of the spectral unmixing.

Spectral matching compares a pixel’s spectrum with some reference spectrum acquired from:
a spectral library, field-acquired spectra, or the image itself. The advantage of spectral match-
ing is that the total number of component spectra in the mixture does not need to be known. It
must be decided a priori the amount of similarity for a match; a typical value for a match is 5.7 °
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or 0.1 radians. The common spectral matching algorithms are: the Spectral Angle Mapper (SAM,
Kruse et al., 1993), Mixture Tuned Matched Filter (MTMF, Boardman and Kruse, 2011), Spectral
Information Divergence (SID, Chang, 2000), Spectral Correlation Measure (SCM, van der Meer,
2006), and Tetracorder (Clark et al., 2003).

SAM calculates a vector angle (©) between a reference spectrum R = (R,;, R,,, . . ., R;,) and a
target spectrum T = (T,,, T,,, . . ., T,,), where Al to An are the spectral wavelengths:
© = arccos [(R + T)/(IRINITIN] (12.3)

where IRl and lITIl are vector normalizations and R « T is the vector dot product. The spectral angle
between the leaf and soil spectra in Figure 12.2 is 28 /° or 0.49 radians. A major advantage (or dis-
advantage in some instances) of SAM is that differences in brightness are removed by the vector
normalization, so large values of © are from spectral differences only.

12.4.1  SPECTRAL SEPARABILITY OF PLANT SPECIES

The challenge using SAM and other spectral matching algorithms is determining the threshold value
for determining a match, so that there are not large numbers of false positives and false negatives.
A large threshold value will increase the number of false negatives and a small threshold value will
increase the number of false positives. The value also depends on the variability of the target and
reference spectra; therefore, how variable are the spectra from different species? To minimize the
variation within a species, 10 leaves were acquired from four species growing in a common garden.
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FIGURE 12.3 Spectral angles from leaf spectral reflectances (400-2,400 nm) for four grass spe-
cies: Tripsacum dactyloides (L.) L. (trda, gamagrass); Andropogon gerardii Vitman (ange, big bluestem);
Sorghastrum nutans (L.) Nash (sonu); and Panicum virgatum L. (pavi, switch grass). Mean spectra were
calculated for each species and used for the reference spectrum, which was compared to the individual leaf
spectra of that species (e.g., trda-trda) and spectra from the other species (e.g., trda-others). The center line is
the median, the boxes show the range from the 25th to 75th percentiles, the error bars show the range from the
10th and 90th percentiles, and outliers are shown as single points.
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Spectral reflectances were measured using a field portable spectrometer collecting light from an
integrating sphere (Hunt et al., 2004).

The median spectral angles within a species were less than the median angles compared to the
other species (Figure 12.3). The largest separations of spectral angles between within-species and
among-species were for Tripsacum dactyloides (L.) L. and Sorghastrum nutans (L.) Nash. Using
the default angle for classification (5.7° or 0.1 radians), only 5 leaves of three species were not spec-
trally similar to the others.

These results were expected based on previous results (Kouba et al., 2024; Kleinhesselink et al.,
2023; Fenetahun et al., 2022; Jafari et al., 2017; McCord et al., 2017; Carter et al., 2005; Clark et al.,
2005; Irisarri et al., 2009; Cho et al., 2010; Martin et al., 2011). Furthermore, the PROSPECT leaf
optics model (Jacquemoud et al., 1996, 2009; Feret et al., 2008) accurately predicts leaf reflectance
and transmittance with only four parameters: the chlorophyll content, the liquid water content, the
dry matter content, and a leaf structure parameter equivalent to the number of parallel plates reflect-
ing and transmitting radiation. Therefore, there may not be sufficient degrees of freedom to differ-
entiate species using SAM or other methods (Mansour et al., 2012). Spectral absorption of radiation
is based on the types and amounts of chemical bonds (Shenk et al., 2008), so while there may be
unique organic compounds in different plant species, there will be few differences in the types and
amounts of the chemical bonds. Differences in leaf structure are also highly variable and depend on
the conditions during leaf development. Leaf water and chlorophyll contents are affected by current
environmental conditions; so much of the variation in leaf reflectance spectra is not related to species.

12.4.2 PLANT CHEMIcAL COMPOSITION

High spectral resolution data have potential for determining forage quality (Variable 5, Table
12.2), which is important for estimating animal biodiversity and livestock distribution (Parracciani
et al., 2024; Fenetahun et al., 2022; Jafari et al., 2017; McCord et al., 2017; Leyequien et al., 2007,
Skidmore et al., 2010; Knox et al., 2011). Near-infrared (NIR) spectroscopy is a standard laboratory
method for analysis of dried plant materials for protein and fiber contents (Shenk et al., 2008), and
hyperspectral sensors provide coverage of the same wavelength regions. One problem is determina-
tion of forage quality when the vegetation has high water content, because the spectral absorption
of water dominates the SWIR reflectance spectrum (Ramoelo et al., 2011; Ustin et al., 2012). As
the spectral absorption coefficients for liquid water are reasonably well known (Ustin et al., 2012),
it is possible to remove the spectral features caused by water to estimate proteins and dry matter
(Ramoelo et al., 2011; Wang et al., 2011b). Extensive studies with field spectrometers show strong
potential for determination of forage quality (Starks et al., 2004; Knox et al., 2011), but the algo-
rithms require extensive calibration and may not be appropriate for other species at other locations.

The areal cover of bare soil and litter are important indicators of rangeland health (Indicators 4
and 14, respectively, Table 12.1) and are readily detectable using high spectral resolution data
(Figure 12.1). Cellulose and lignin are synthesized by plants and these substances are not found in
soil, so narrow-band indices emphasizing spectral features in the shortwave infrared (SWIR) are
linearly related to the cover of litter over bare soil (Ocholla et al., 2024; Kleinhesselink et al., 2023;
Maphanga et al., 2022; Jafari et al., 2017; McCord et al., 2017; Daughtry, 2001; Nagler et al., 2003;
Serbin et al., 2009, 2013). SWIR absorption features of bare soil (Figure 12.1) exposed from ero-
sion are also detectable the Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) on NASA’s Terra satellite (Maphanga et al., 2022; Questad et al., 2022; Dube et al., 2021,
Matongera et al., 2021; Vrieling et al., 2007; Gill and Phinn, 2008; Serbin et al., 2009).

Biological soil crusts (Indicator 18, Table 12.1) are mixtures of cyanobacteria, fungi, and bacteria
that form on the soil surface in arid and semiarid ecosystems. Chlorophyll a in the cyanobacteria
creates a small absorption feature at 680 nm wavelength distinct from soil (Karnieli et al., 2003;
Weber et al., 2008; Ustin et al., 2009). The problem is that the chlorophyll-a feature is also found in
algae, lichens, moss, and plants; reflectances in the SWIR allow separation of biological soil crusts
from small amounts of plants and plant-like classes (Ustin et al., 2009).
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12.4.3 DETECTION OF INVASIVE PLANT SPECIES

Whereas leaves of most rangeland species may not have much spectral diversity, distinctive leaves
and flowers of invasive plants may result in characteristic spectral signatures that may be detected
with high spectral resolution data (Table 12.3). Leafy spurge is a noxious invasive weed infest-
ing large areas of the U.S. Great Plains. It is clonal, forming dense stands of genetically identical
aboveground shoots spreading from a single root system. Flowers are clustered at or near the top of
the shoot (umbels) and the flower cover is frequently over 20% in a single clone (Hunt et al., 2007).
The flower bracts’ yellow-green color is from a small amount of chlorophyll and a large ratio of
carotenoids to chlorophylls (Hunt et al., 2004). When leafy spurge is found, one management option
is the release of insects that specifically feed on the roots (larvae) and shoots (adult) for biological
control (Thornley et al., 2023; Questad et al., 2022; Dube et al., 2021; Jafari et al., 2017; Anderson
et al., 2003; Lym, 2005; Samuel et al., 2008; Lesica and Hanna, 2009).

Hyperspectral sensors are successful in detecting leafy spurge based on the yellow-green bracts
(Retallack et al., 2023; Dube et al., 2021; Jafari et al., 2017; McCord et al., 2017, O’Neill et al.,
2000; Parker Williams and Hunt, 2002, 2004; Dudek et al., 2004; Glenn et al., 2005; Lawrence
et al., 2006). Furthermore, medium-resolution satellite sensors generally were not very success-
ful (Retallack et al., 2023; Maphanga et al., 2022; Matongera et al., 2021; Sawalhah et al., 2018;
McCord et al., 2017; Hunt and Parker Williams, 2006; Mladinich et al., 2006; Stitt et al., 2006; Hunt
et al., 2007). The flower bracts of leafy spurge are readily detectable with aerial photography and
videography (Anderson et al., 1996).

Parker Williams and Hunt (2002, 2004) analyzed two Airborne Visible Infrared Imaging
Spectrometer (AVIRIS) scenes acquired on July 6, 1999 over Devils Tower National Monument and
surrounding areas in Crook County, Wyoming. Two sets of plots were acquired, one with the cover of
leafy spurge estimated (N = 66) and one with a simple classification of presence or absence (N = 146).
Two scenes were atmospherically corrected to land-surface reflectance using the ATREM version
3.1 program (Gao et al., 1993) and processed using the “Spectral Hourglass” approach (Boardman
and Kruse, 2011). Dimensionality was reduced using the Minimum Noise Fraction (MNF) in the
Environment for Visualizing Images (ENVI version 3.2, Research Systems Inc.), and spectral sig-
natures for leafy spurge were picked from the AVIRIS images using the Pixel Purity Index and
n-Dimensional Visualizer (Boardman and Kruse, 2011).

The Mixture Tuned Matched Filter (MTMF, Boardman and Kruse, 2011) was used to identify
pixels with possible leafy spurge. The MTMF score was related to leafy spurge cover with an R? of
0.66 (Parker Williams and Hunt, 2002), and the classification accuracy was 87% (Parker Williams
and Hunt, 2004). However, accuracies of leafy spurge detection with MTMF appear to be dependent
on the number of other spectral signatures in a scene (Fenetahun et al., 2022; Maphanga et al., 2022;
Questad et al., 2022; Dudek et al., 2004; Glenn et al., 2005; Mitchell and Glenn, 2009). Using the
data from Parker Williams and Hunt (2002, 2004), 11 AVIRIS scenes were combined into a single
image for analysis; the overall classification accuracy using MTMF was no better than chance (Hunt
et al., 2007). The type of spectral mixing needs to be considered, differences in plant density may
change the amount of nonlinear mixing (Mitchell and Glenn, 2009).

There were many studies using high spectral resolution data to detect invasive species; two spe-
cies commonly studied were tamarisk and yellow star thistle (Table 12.3). Detection of these inva-
sive species may seem at odds with Figure 12.3 and related studies. In Table 12.3, the reflectance
spectra of invasive species were in context with native species, soils, and subtle variations in spatial
arrangement, leaf area index or leaf angle distribution. The leaf spectra in Figure 12.3 were isolated
from any context. Successful use of hyperspectral data for detection of invasive species were based
on knowing the invasive was present and having areas for training of supervised classification algo-
rithms (Underwood et al., 2007).
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TABLE 12.3

Invasive Plant Species in Rangelands Identified with High Spectral Resolution Data

Study

O’Neill et al., 2000; Parker
Williams and Hunt, 2002,
2004; Dudek et al., 2004;
Glenn et al., 2005; Hunt et al.,
2007; Lawrence et al., 2006;
Mitchell and Glenn, 2009

Lass et al., 2002

Underwood et al., 2003, 2007

Anderson et al., 2005

Lass et al., 2005

Mundt et al., 2005

Andrew and Ustin, 2006,
2008

Ge et al., 2006, 2007

Miao et al., 2006, 2007

Mirik et al., 2006, 2013

Narumalani et al., 2006, 2009

Cheng et al., 2007
Hamada et al., 2007

Hestir et al., 2008

Noujdina and Ustin, 2008
Pu, 2008; Pu et al., 2008
Wang et al., 2008

Carter et al., 2009
Yang et al., 2009; Yang and
Everitt, 2010a, 2010b

Wang et al., 2010a;
Bentivegna et al., 2012

Species

Leafy spurge (Euphorbia esula L.)

Spotted knapweed (Centaurea stoebe L., C.
maculosa is a commonly used synonym)

Ice plant [Carpobrotus edulis (L. N. E. Br.)],
Jubata grass/Pampas grass [Cortaderia jubata
(Lemoine ex Carriere) Stapf], Blue gum
(Eucalyptus globules Labill.)

Tamarisk (Tamarix chinensis Lour.; T. gallica
L.; and T. ramosissima Ledeb.)

Yellow starthistle (C. solstitialis L..) and
Babysbreath (Gypsophila paniculata L.)

Hoary cress (Cardaria draba L.)

Perennial pepperweed (Lepidium latifolium L.)

Yellow star thistle

Yellow star thistle

Musk thistle (Carduus nutans 1.)

Tamerisk, Musk thistle, Canada thistle (Cirsium
arvense L.), Reed canary grass (Phalaris
arundinacea L.), Russian olive (Elaeagnus
augustifolia L.)

Kudzu [Pueraria montana (Lour.) Merr. ]

Tamarisk

Perennial pepperweed, Water hyacinth
[Eichhornia crassipes (Mart.) Solms],
Brazilian waterweed (Egeria densa Planch.)

Downy brome (Bromus tectorum L.)

Tamarisk

Sericea lespedeza [Lespedeza cuneata (Dum.
Cours.) G. Don]

Tamarisk

Ashe juniper (Juniperus ashei J. Buchholz),
Broom snakeweed [Gutierrezia sarothrae
(Pursh.) Britt. and Rusby], water hyacinth

Cut-leaved teasel (Dipsacus laciniatus L.)

Methods*

MNF, MTMF, SAM, supervised
classification

SAM

MNF, continuum removal, spectral
indices, supervised classification

PC, spectral indices

SAM

MNF, MTMF, SAM
MNF, MTMF

Spectral indices, SAM

Band selection, feature extraction
Regression, SVM

ISODATA, MNF, SAM

MNF, MTMF, SAM

MNEF, spectral indices, MTMF,
stepwise discriminant analysis,
hierarchical clustering, root sum
squared differential area

MNEF, band indices, spectral mixture
analysis, SAM, continuum removal

MNF, MTMF
PC, spectral indices
ISODATA, spectral derivatives

MNEF, supervised classification
MNF, SAM, supervised classification

SAM, supervised classification,
spectral information divergence

(Continued)
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TABLE 12.3 (Continued)
Invasive Plant Species in Rangelands Identified with High Spectral Resolution Data

Study Species Methods*
Fletcher et al., 2011; Yang Tamarisk SVM
etal., 2013
Miao et al., 2011 Tamarisk MNEF, PC, supervised classification,
SAM
Olsson and Morisette, 2014 Buffelgrass [Pennisetum ciliare (L.) Link] MNEF, MTMF, random forest

* Abbreviations are: minimum noise fraction (MNF), mixture tuned matched filtering (MTMF), spectral angle mapper
(SAM), Iterative Self Organizing Data Analysis Technique Algorithm (ISODATA), principal components (PC), and
Support Vector Machine (SVM)

12.4.4  AssessMENT OF HiGH SPecTRAL REsoLuTION

There are only two indicators of rangeland health (Table 12.1) and one variable for animal biodiver-
sity (Table 12.2) for which the preferred method of remote sensing is high spectral resolution. The
large spectral difference between vegetation and soils allows accurate assessments of relative cover,
so one of the three most important indicators is reliably determined with hyperspectral sensors.
Compared to other methods, the suitability of hyperspectral remote sensing for rangeland moni-
toring depends on detection of the other two critical indicators, invasive species and composition
of plant functional types. The extensive discussion in Section 11.4.3 shows that more research is
required, perhaps using simulated Hyperspectral Infrared Imager (HyspIRI) mission data produced
with high-altitude AVIRIS imagery (http:/hyspiri.jpl.nasa.gov; last checked June 12, 2014).
Compared to other sensors, it is more expensive to acquire an airborne hyperspectral sensor,
and it takes more time and expertise to analyze hyperspectral imagery, so mapping the distribution
of an invasive species over a landscape may not be cost effective. Geospatial species-distribution
models classify suitable habitat over larger areas based on combinations of climate, vegetation,
soils, topography and other variables within a geographic information system. There are too many
combinations of factors to establish field plots for complete model testing. Classified hyperspectral
imagery for small areas should be used to test species geospatial niche models, and then the geospa-
tial models should be used to classify suitable habitat over larger areas (Kleinhesselink et al., 2023;
Questad et al., 2022; Dube et al., 2021; Matongera et al., 2021; Sawalhah et al., 2018; Jafari et al.,
2017; McCord et al., 2017; Underwood et al., 2004; Andrew and Ustin, 2009; Hunt et al., 2010).
Global biodiversity is one of the important science questions for the NASA HyspIRI mission
(Roberts et al., 2012). The total number of species in a small area (alpha diversity) and the total num-
ber of species in a large area (gamma diversity) are more encompassing assessments of biodiversity.
Alpha and gamma diversities are inter-related by beta diversity, which is a measure of the propor-
tion of shared species between two points along an environmental gradient. Rocchini et al. (2010a,
2010b) hypothesized spectral diversity is an important method for estimating beta diversity. If this
hypothesis is validated, then high spectral resolution data will become invaluable for estimating
biodiversity, even though invasive species or plant functional types may not be detected.

12.5 HIGH TEMPORAL RESOLUTION

Repeated satellite acquisitions reveal seasonal patterns and growth of vegetation; however, cloud
cover may obscure vegetation during critical time periods of active plant growth. High temporal


http://hyspiri.jpl.nasa.gov

Remote Sensing of Rangeland Biodiversity 435

resolution data acquire data every few days, which are composited to form weekly to monthly cloud-
free time series. Even in rangelands, “where the skies are not cloudy all day” (Higley and Kelly,
1873), medium resolution imagery are frequently unusable because of cloud occurrence during the
onset of the plant growing season. Meteorological satellites, such as NOAA’s Advanced Very High
Resolution Radiometer (AVHRR) and NASA’s Moderate Resolution Imaging Spectroradiometer
(MODIS), use the change in NDVI over the year to determine phenology and the fraction of
absorbed photosynthetically active radiation (fPAR). Gross and net primary production are calcu-
lated from the total absorbed photosynthetically active radiation and light use efficiency (Hunt et al.,
2003). Productivity is an indicator of rangeland health (Indicator 15, Table 12.1) and a variable for
predicting animal biodiversity (Variable 2, Table 12.2).

Over a small region, interannual variation in phenology is related to climatic variability (Reed
et al., 1994; Schwartz et al., 2002), whereas consistent spatial variation in phenology is related to
plant functional type (Kouba et al., 2024; Retallack et al., 2023; Dube et al., 2021; Loveland et al.,
1991; Kremer and Running, 1993; Peters et al., 1997; Gu et al., 2010). Grasses (Poaceae) have two
functional types based on photosynthetic pathway: cool-season grasses with C; photosynthesis,
and warm-season grasses with C, photosynthesis. Physiologically, C; photosynthesis is greater at
cool temperatures and C, photosynthesis is higher at warm temperatures, but temperature affects
many different processes, not just photosynthesis (Sage and Kubien, 2007). With global climatic
change, warmer temperature may favor C, grasses whereas elevated atmospheric CO, may promote
C, plants (Morgan et al., 2007). Therefore, C,/C, relative abundance is a complex response of cli-
mate change, and will affect ecosystem biogeochemical cycles at regional and global scales.

Temperate grasslands in North America, South America, Australia, Africa, and Asia have mix-
tures of C; and C, grasses with the ratio depending on the amount of rainfall during the warm and
cool seasons (Winslow et al., 2003). Determining the ratios of C; and C, grasses is a challenge
because the reflectance spectra may not be separable (Adjorlolo et al., 2012a, 2012b). High temporal
resolution AVHRR or Medium Resolution Imaging Spectrometer (MERIS) data was used to sepa-
rate C, and C, grasses (Ocholla et al., 2024; Thornley et al., 2023; Questad et al., 2022; Jafari et al.,
2017; McCord et al., 2017, Goodin and Henebry, 1997; Tieszen et al., 1997; Ricotta et al., 2003;
Foody and Dash, 2007, 2010). Medium resolution imagery acquired two or three times per year also
showed differences based on temperature (Davidson and Csillag, 2001; Peterson et al., 2002; Guo
et al., 2003). High temporal resolution data may add more information by subdividing both C; and
C, functional types into tall and short functional types (Wang et al., 2013).

12.5.1 PHENOLOGY METRICS

The first step for determining phenological metrics from high temporal resolution data is applying
a low-pass filter to the time series of NDVI to remove the effects of sub-pixel clouds, atmospheric
conditions, and view angles. Several smoothing algorithms have been used: a nonlinear median
filter (Reed et al., 1994), an upper-envelope three-point filter (Gu et al., 2006), and a 2nd-order
polynomial filter (Savitzky and Golay, 1964).

Most studies define a series of metrics from the smoothed NDVI time series (Table 12.4). These
metrics may be determined by a sequence of logical statements; tools have been developed to auto-
mate calculation of the various metrics: fitting the NDVI time series into piecewise logistic functions
(Zhang et al., 2003), fitting the time series using a quadratic function (de Beurs and Henebry, 2004),
and in the open-source TIMESAT program (Jonsson and Eklundh, 2004). In rangelands, these
mathematical approaches may produce errors because grasses often have prolonged growing season
and asymmetric trajectories (de Beurs and Henebry, 2010). For this reason, some studies directly
use the polynomial-smoothed time series to extract phenological metrics directly (Parracciani et al.,
2024; Thornley et al., 2023; Questad et al., 2022; Dube et al., 2021; Matongera et al., 2021; McCord
et al., 2017; Wang et al., 2010b, 2011a, 2013).
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TABLE 12.4

Common Phenology Metrics for Determining Plant Functional
Types. These metrics have to be determined with a complete time
series of NDVI.

Metric Definition

Start of season (SOS) Before Peak NDVI, DOY* when NDVI > threshold
End of season (EOS) After peak NDVI, DOY when NDVI < threshold
Length of season (LOS) EOS - SOS

Peak NDVI Maximum NDVI in time series

Peak date DOY of Peak NDVI

Cumulative NDVI (X-NDVI) Sum NDVI when SOS < NDVI < EOS

* Day of the Year (DOY)

12.5.2 Grass FuncTiONAL TYPES

Dividing the U.S. Great Plains at 100° West Longitude, east of this meridian is primarily sub-humid
tallgrass prairie with 500-750 mm of annual precipitation (Figure 12.4a). West of this meridian
are the southern shortgrass steppe and the northern mixed-grass prairie (Figure 12.4a), which get
about 250-500 mm of precipitation annually. Precipitation strongly controls grassland productivity
resulting in the designations, tallgrass and shortgrass. The latitudinal C,/C, variations and longitu-
dinal tall/short differences are combined into tallgrass C;, tallgrass C,, shortgrass C, and shortgrass
C,. The latter three PFTs correspond to naturally occurring ecological regions; however, tallgrass
C, may be the result of seeding cool-season species (e.g., tall fescue) into pastures for higher forage
production (Fenetahun et al., 2022; Sawalhah et al., 2018; Jafari et al., 2017; McCord et al., 2017;
Wang et al., 2013).

Grassland areas were determined from the USGS National Land-Cover Database (Homer et al.,
2004); the grassland areas were not divided into functional types. Time series of the 500-m, eight-
day Terra MODIS Surface Reflectance products (MODO09A1) for the years 2000 to 2009 show
phenological variations of C; and C, grasses (Figure 12.5). Tallgrass C; and C, have higher NDVI
values than shortgrass C; and C,. Summer dormancy and fall growth for tallgrass C, was seen in
some years as a second NDVI peak in the autumn (Figure 12.5), but this phenological feature was
much less important than an earlier start of growing season (SOS), later end of growing season
(EOS), and therefore longer length of growing season (LOS). Shortgrass C; have much earlier SOS
than shortgrass C, and both have shorter LOS than the tallgrass PFTs (Figure 12.5).

The four grass PFTs in the U.S. Great Plains were mapped over the ten-year period (2000-2009)
with a decision tree approach (Figure 12.4b). Because of interannual variability in temperature and
precipitation, a given pixel would be classified as one PFT for some years and would be classified
as another PFT for other years. For example, during drought, tallgrass C; and shortgrass C; SOS
may be delayed and EOS may be earlier, so that the phenological features become similar to those
of tallgrass C, and shortgrass C,, respectively.

Therefore, delineation of grass C,/C, PFTs is problematic using data from only a single year.
A long time series of data were required for reliable separation (Winslow and Hunt, 2003; Wang
et al., 2013). The final classification in Figure 12.4b displays the distributions where one PFT was
selected for at least 6 of the 10 years (Wang et al., 2013). The four PFTs followed the longitudinal
transition of ecological regions based on precipitation. However, latitudinal trends caused by tem-
perature were not present, because east of 100 ° West, tallgrass C, areas were south of tallgrass C,
areas. Splitting grasses into tallgrass and shortgrass highlighted the occurrence of a new ecological
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FIGURE 12.4 (a) Ecological regions of the tallgrass prairie, shortgrass steppe, and northern mixed-grass
prairie. (b) Distributions of four grass functional types in the U.S. Great Plains: tallgrass C,, tallgrass C,,
shortgrass C;, and shortgrass Cs. Tallgrass C; is not a naturally occurring ecological region in the U.S. Great
Plains and may be the result of seeding C; species into pastures. Interannual variability in precipitation and
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region; the areas classified as tallgrass C, are located in areas generally considered to be pastures
(Maphanga et al., 2022; Dube et al., 2021; McCord et al., 2017, Wang et al., 2013). Because more
of the variation in temporal profiles was now explained, the resulting classification had somewhat
increased accuracy.

12.5.3 INVASIVE PLANT SPECIES

Few invasive species are detected from the large pixels of high temporal resolution data (e.g.,
AVHRR and MODIS). One species is downy brome in the western United States, Bradley and
Mustard (2005, 2006) showed that the temporal variation between downy brome and co-occurring
species was large enough to classify downy brome invasion using AVHRR. Singh and Glenn (2009)
and Clinton et al. (2010) replicated this study using a time-series of Landsat and MODIS data,
respectively.

Two other species that may be detected using high temporal resolution data are broom snake-
weed [Gutierrezia sarothrae (Pursh) Britton & Rusby; Peters et al., 1992] and Lehmann lovegrass
(Eragrostis lehmanniana Nees; Huang and Geiger, 2008; Huang et al., 2009). Broom snakeweed is
a C; shrub surrounded by C, grasses, so it was detected based on its earlier SOS. Lehmann lovegrass
is a C, grass that crowds out native C, grasses; during senescence it produces a litter layer that is
dense, bright and yellow which is detectable even with large pixel sizes (Huang and Geiger, 2008;
Huang et al., 2009).

Two important questions about invasive species are addressed using ecological niche or habitat
suitability models: (1) what areas on Earth may be susceptible to an invasive species, and (2) how will
the areas expand or contract with anthropogenic global warming (Angerer et al., 2023; Fenetahun
et al., 2022; Sawalhah et al., 2018; Jafari et al., 2017; Peterson, 2003; Thuiller et al., 2005; Andrew
and Ustin, 2009; Stohlgren et al., 2010). MODIS vegetation index data are important for predicting
the potential distribution of tamarisk (Morisette et al., 2006) and purple loosestrife (Lythrum sali-
caria L.; Anderson et al., 2006). In these studies, time series of NDVI are used as a surrogate for
meteorological data, because even with 1-km pixel size, the data are much more densely distributed
compared to available weather station data.

12.5.4 AssesSMENT OF HiIGH TEMPORAL RESOLUTION

The specifications for NASA MODIS and the recently launched Suomi National Polar-orbiting
Partnership Visible Infrared Imaging Radiometer Suite (VIIRS) were developed in part based on
the long history of AVHRR for global remote sensing of interannual climatic variability. Most land-
cover classifications using AVHRR data were designed to be used by global ecosystem models, so
fewer PFTs were defined. Because of limited computing power, there were limitations placed on the
spatial resolution in order to provide high-quality data at high temporal resolution (Townshend and
Justice, 1988). Therefore, variations in phenology related to taxonomy, plant functional types, and
other considerations at smaller scales were rarely explored because of the large pixel sizes.

Two satellite systems have broad swaths and high temporal resolution with much smaller pixel
sizes: (1) the Indian Space Research Organization’s Advanced Wide Field Sensor (AWiFS) and (2)
the international Disaster Monitoring Constellation (Wang et al., 2010c). However, data from these
two sensors are only available from commercial venders and are not freely available from public
archives (Goward et al., 2012).

With more powerful computers available, tradeoffs between high temporal resolution and high
spatial resolution are no longer required. For example, the United States Department of Agriculture
(USDA) National Agricultural Statistics Service (NASS) previously used AWiFS data (5670 m
pixels) and currently uses Deimos-1 data (22 m pixels) to produce annual Cropland Data Layers for
the USA (Boryan et al., 2011). The potential of high temporal resolution data for monitoring range-
land biodiversity is simply not known. Making AWiFS, Deimos, and similar multispectral sensor
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data available worldwide is an important investment for monitoring global biodiversity (Retallack
et al., 2023; Questad et al., 2022; Dube et al., 2021; Wang et al., 2010c).

12.6 HIGH SPATIAL RESOLUTION

While ground and aerial photographs have been used for natural resource management since the
last century (Cooper, 1924), advances in digital sensors and computer processing have made high
spatial resolution (HSR) the newest dimension in remote sensing. The term “high spatial resolution”
is subjective, changes with time, and can mean pixel sizes from 0.25 mm to 2 m with the current
state of the art. Smaller pixel sizes must be acquired from aircraft flying at lower altitudes, usually
resulting in smaller areas covered per image (< 1 ha compared to 27,000 ha for WorldView-2 data).
HSR images are also referred to as “very-large scale” in reference to the map scale (e.g., 1:500 com-
pared to 1:24,000 for a 7.5 ft x 7.5 ft topographic map).

HSR imagery are useful in most aspects of rangeland resource management including assess-
ments of ground cover, riparian condition, wildlife habitat, woodlands and other resource concerns.
One of the characteristics of HSR images is very high pixel to pixel variability, but each pixel is
spectrally pure (Figure 12.6). With larger pixel sizes, each pixel is a heterogeneous mixture of dif-
ferent spectral components (Figure 12.6). At the scale of 1 m, spectral unmixing or spectral indices
are required to measure the amount of bare ground, so the advantages of HSR satellite data com-
pared to medium resolution satellite data are not clear. On the other hand, at the scale of 0.4-mm
HSR aircraft data, the established techniques of remote sensing are inadequate and new techniques
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FIGURE 12.6 Effect of spatial resolution (also called ground sample distance) on pixel color and visual
interpretation. The top left panel shows a 100 x 100-m area of rangeland in southeast Idaho at 1-m resolution
to illustrate the heterogeneity of the imaged area. The middle row shows a 1 x 1-m patch of rangeland in all
panels with the lowest spatial resolution on the left (1-m pixel size) and highest resolution on the right (0.4-mm
pixel size). The top right panel shows an enlargement of the 0.4-mm resolution image; the red dot in the center
(shown by the blue arrow) is one 0.4-mm pixel situated on a sagebrush leaf. The lower row shows pixel color
change from increasing resolution from 1 m to 0.4 mm. (Figure adapted from Weber et al. (2013), and used
with permission.)
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are being developed and tested. Alternatively, established techniques of visual photo-interpretation
can often be updated for use with digital imagery. As shown by Figure 12.6, the resolution of HSR
data needs to be from 0.25 mm to 10 mm in order to visually interpret the data effectively.

12.6.1 GROUND IMAGING

Most ground assessments continue to be interpretations and judgments based on monitoring a
limited number of non-randomly selected sites. It simply has not been practical to do otherwise.
However, ground and aerial digital photography are replacing or augmenting time-consuming field
methods, and are increasing the objectivity of rangeland monitoring (Booth et al., 2008; Moffet,
2009; Sadler et al., 2010; Booth and Cox, 2011). Digital photography and subsequent photo inter-
pretation can increase sampling rates over traditional field sampling methods (Kouba et al., 2024;
Retallack et al., 2023; Questad et al., 2022; Jafari et al., 2017; McCord et al., 2017 Luscier, 2006;
Cagney et al., 2011). Reduced monitoring time and associated labor costs can increase monitoring
precision by allowing for increased sample numbers.

Methods for obtaining non-aerial, nadir-looking digital images include a free-hand method
(Cagney et al., 2011) and the use of staffs, tripods, stands (Booth et al., 2004; Booth and Cox,
2011), booms, and gantries (Louhaichi et al., 2010), vehicle mounts and other aids to reduce camera
motion. Furthermore, these tools allow for a range of camera positions above ground level and a
range of image resolutions. For a permanent record, the digital images are archived at much lower
cost compared to film negatives or prints. Even where sampling will be done primarily from air-
craft, acquisition of ground images is an important part of monitoring since it provides the opportu-
nity to capture nadir images with less motion blur than can be obtained from the air.

12.6.2 ArRrIAL IMAGING

Some image users require boundary-to-boundary coverage, and HSR mosaics may be made from
airborne data at considerable expense. However, many users do not require mosaics, and can man-
age effectively at lower cost by capturing single-image samples that are systematically distrib-
uted across watersheds, allotments, and other landscape-scale management units (Figure 12.7).
Geographic Information Systems (GIS) should be used to draft sampling plans that define intended
locations for ground or aerial image acquisition to acquire a statistically adequate sample that rep-
resents the natural range of variation in the areas monitored (Blumenthal et al., 2007; Booth and
Cox, 2008).

Platforms used for HSR aerial-image acquisition include manned conventional and light sport
airplanes (LSAs), manned and unmanned helicopters, and unmanned fixed-wing aircraft (Booth
and Cox, 2011). Surprisingly, contracting for a piloted LSA was the least expensive, because fewer
personnel were required to be on site for safety. Furthermore, only LSAs and helicopters were able
to fly slow enough to avoid excessive motion blur with image resolutions of 1-mm resolution or less
(Figure 12.8). Contract costs for manned helicopters are usually more expensive than for LSAs, but
helicopters (manned or unmanned) can fly during windy conditions when LSAs cannot safely oper-
ate. To mitigate risk, LSAs need to be equipped with rocket-deployed, whole-plane parachutes in
the event of mechanical failure. Frequently in windy areas, flights are made early in the day before
strong winds and atmospheric turbulence develops. A potential problem with early morning flights
is presence of shadows that may affect estimates of bare ground cover.

Manned helicopters and LSAs can carry multiple cameras allowing for nested, simultaneously
acquired, multi-resolution images; for example: 1-, 10-, and 20-mm pixel sizes. This capability
allowed users to acquire wide fields of view and high resolution, a capability that proved important
for the study of fire intervals in shrub ecosystems (Moffet, 2009), and monitoring invasive species
(Kouba et al., 2024; Retallack et al., 2023; Maphanga et al., 2022; Questad et al., 2022; Dube et al.,
2021; Blumenthal et al., 2007, 2012; Booth et al., 2010).
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FIGURE 12.7 Flight plan in Wyoming’s Red Desert (center: 43.37°N, 108.40°W) showing 1,457 image
acquisition points which were 200 m apart along east-west flight lines spaced 1600 m apart. Three images
were collected at each acquisition point: (1) an area of 3 x 4 m with 0.9-mm pixels; (2) an area of 24 x 36 m,
with7-mm pixels; and (3) an area of 48 x 72 m with 14-mm pixels.

Aerial surveys acquired imagery with 1-mm pixels that overcame the need to depend on subjec-
tive selection of “representative” study areas. Summarizing, aerial surveys acquiring multi-resolu-
tion imagery that includes 1-mm pixel data have repeatedly demonstrated:

1. Lower cost than extensive conventional ground sampling for areas greater than about 200
ha;

Practical acquisition of large sample numbers;

Reduced sample-collection time;

Collection of many samples within short phenological windows;

Creation of permanent records that may be examined any time in the future; and
Capability of capturing sub-meter details for detecting ecologically important changes.

U

Measurement of bare ground from 1-mm pixel images is just one example of the different indicators
of rangeland health that may be monitored.

12.6.3 VISUAL ANALYSIS

For measuring ground cover, image resolution should be at least 1-mm resolution (Booth and Cox,
2009). Attempts to accurately measure ground-cover from 10-, 20-, and 50-mm resolution imag-
ery were unsuccessful (Booth and Cox, 2009; Duniway et al., 2012; Weber et al., 2013). Figure
12.8 shows that 1-mm resolution images are essential to capturing the detail needed for identifying
species. Current methods for analysis of this type of imagery include visual-analysis-facilitating
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FIGURE 12.8 Portion of a 3 x 4-m aerial image (0.9-mm pixel size) acquired from a light sport airplane
traveling 84 km/h at an altitude of 103 m above ground level in the Red Desert of central Wyoming. The main
image shows bare soil, litter, shadow, grasses, sagebrush (Artemisia tridentata Nutt.) and yellow rabbitbrush
(Chrysothamnus viscidiflorus (Hook.) Nutt.), while the circular inset (circled area on main image enlarged
twofold) shows goldenweed (Stenotus acaulis (Nutt.) Nutt.).

software programs (Booth et al., 2006a, 2006b). These programs are accurate when used with
appropriate image resolutions (you can’t measure what you can’t see), and by people with adequate
field experience.

SamplePoint is free software (available online at www.SamplePoint.org; last accessed 30 May
2014) that facilitates point sampling of digital images. Because the sample point is always a single
pixel of the image (Figure 12.9a), where the spatial resolution is equal or less than 1 mm, the
analysis has a potential accuracy of 92%. To use the program, images are loaded from a computer
directory, and a database is created to store the data entered. The number and pattern of sample
points (grid or random) are determined by the user (Figure 12.9b). The predetermined classes are
associated with buttons along the bottom of the image. SamplePoint automatically moves from
point to point when the class information is entered by clicking one of the buttons. The software
allows image magnification (zoom), and it will support up to three monitors, each of which displays
the image with different levels of magnification.

Images need not be orthorectified or georeferenced for use in SamplePoint. Thus, users with no
GIS experience can use the software effectively. This is an important point because other point-
sampling tools like Image Interpreter Tool (Duniway et al., 2012) and Digital Mylar (Clark et al.,
2004; RSAC, 2014) do require georeferenced imagery. That adds a workflow step that makes the
software more difficult and time-consuming to use for those who have GIS experience, and vir-
tually impossible for those who don’t. The cited tools function very well with orthoimagery, as
intended. Nevertheless, for ground- or aerial-based photo plot monitoring, a georeferenced image
prerequisite restricts usage of these tools because (1) it is impractical to georeference hundreds of
disconnected plot-based images and (2) commercial sub-meter orthoimagery is too expensive to
acquire frequently. To illustrate, over the last six years the Bureau of Land Management contracted
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FIGURE 12.9 SamplePoint analysis of a ground photograph in Wyoming’s Red Desert associated with aer-
ial images (Figure 12.8) collected using the flight plan in Figure 12.7. Classification is performed on a single
pixel within a 9-pixel array framed by the red crosshair by clicking one of the user-defined buttons along the
bottom of the screen (a). The same sampling point is shown zoomed out (b) to show the context of the point
that is hitting bare ground in between spiny phlox (Phlox hoodii Richardson) and sagebrush (Artemesia tri-
dentata Nutt.). Note the systematic grid sampling pattern of the classification crosshairs.
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only one sub-meter orthoimage collection in the state of Wyoming: 30-cm resolution at $18/km?.
Collection of the 2-3-cm orthoimagery that Duniway et al. (2012) reported as yielding reliable
estimates for many cover types will cost substantially more than $18/km?, limiting usage among
agencies where even contracting for 30-cm orthoimagery is usually cost-prohibitive. As internal
collection capabilities improve, cost may become less of a factor.

First-time users of 1-mm resolution imagery are often surprised at the number of species they
can identify in an image. This leads to an initial presumption that they can use SamplePoint to mea-
sure cover by species. While this may be true for appropriately spaced woody species, measuring
cover by plant functional type (grasses, grass-like plants, and forbs) is usually more practical except
where and when plant species are distinctive. SamplePoint does not correct for user biases that may
occur due to personal interpretations of protocol (e.g., what is litter), or correct for conditions such
as age that can influence color perception. In fact, the variation among SamplePoint users was found
to be about equal with that of users of the line-point intercept (Moffet, 2009). Additionally, multiple
people used SamplePoint to analyze the same set of images showing there are user biases in class
selection. When biases are found, the image dataset can be re-analyzed. Thus, data verifiability
and the capability to significantly increase sampling are key advantages of using SamplePoint with
image-based monitoring.

Two other programs are also freely available at www.SamplePoint.org, SampleFreq and
ImageMeasurement. SampleFreq functions similarly to SamplePoint, but it facilitates nested fre-
quency sampling. ImageMeasurement is used to measure areas and lengths from nadir imagery of
known scale. Originally, this program was used to measure stream and channel widths with other
ecological indicators for riparian areas. ImageMeasurement is unique among similar programs by
incorporating exact image resolution for every image in a multi-image dataset.

12.6.4 UNMANNED AIRCRAFT SYSTEMS (UAS)

Unmanned aircraft systems (UAS) may also be effective platforms for remote sensing (Hardin and
Jackson, 2005; Rango et al., 2006, 2009; Hardin and Hardin, 2010). Some of the first UAS that
were used in agricultural and natural resource management were made from radio-control model
aircraft (Parracciani et al., 2024; Fenetahun et al., 2022; Matongera et al., 2021; Tomlins and Lee,
1983; Quilter and Anderson, 2000, 2001). Now, there are many types of advanced civilian UAS,
from high-altitude long-endurance to low-altitude short-endurance aircraft (Watts et al., 2012), so
few generalizations may be made about current UAS flight capabilities. LSAs may fly in steady
wind conditions of 32 km/h when there are no wind gusts. Two particular UAS (UXS and Gatewing
X100, Trimble Navigation Limited, Westminster, CO, USA) are claimed to be able to fly in 65 km/h
winds (Trimble Navigation, 2013), because the automatic pilot updates aircraft controls at 100 Hz
(Southard, 2013). The ability of UAS to fly in moderate to high winds may facilitate timely collec-
tion of aerial data for biodiversity.

Like manned aircraft, UAS may be configured with medium-resolution, high spectral resolution,
or high spatial resolution sensors. Furthermore, LiDAR, thermal infrared, radar, and other sensors
are available for UAS platforms. Most of the research uses small low-flying UAS with digital cam-
eras to measure ground cover (Ocholla et al., 2024; Dube et al., 2021; McCord et al., 2017; Hardin
etal., 2007; Laliberte et al., 2007, 2010; Breckenridge and Dakins, 2011; Breckenridge et al., 2011).
Hardin et al. (2007) using small UAS to detect squarrose knapweed found that overall detection
accuracy was low but the rate of false positives was miniscule. Breckenridge et al. (2011) also
attempted to determine presence and sex of sage grouse (Centrocercus urophasianus) using decoys
to represent grouse during spring mating season. At a height of 73 m, 100% of the male and 80%
of the female decoys could be detected by a skilled observer, whereas at 305 m height, 90% of the
male and only 10% of the female decoys could be detected by the skilled observer.

With small UAS and digital cameras, it is easy to acquire many more images than would be possi-
ble to analyze using aids such as SamplePoint, so automated processing or preprocessing is required.
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Many people using these systems have backgrounds in image processing, in which the typical work-
flow would be production of orthorectified image mosaics. Two general methods used in orthorec-
tification are the scale invariant feature transform (Lowe, 2004) and structure from motion (Turner
et al., 2012; Westoby et al., 2012). Classification of land cover types from these image mosaics is
not very accurate when using methods developed for multispectral satellite data, because the spec-
tral properties of a small pixel have little connection with its cover type (Figure 12.6). Instead, the
spatial relationships among pixels are used in an object-based classification (Parracciani et al., 2024;
Retallack et al., 2023; Questad et al., 2022; Dube et al., 2021; McCord et al., 2017; Luscier et al.,
2006; Laliberte et al., 2007, 2010; Laliberte and Rango, 2011).

12.6.5 AsSesSMENT OF HIGH SpPATIAL RESOLUTION

Remote sensing with high spatial resolution sensors can be used for monitoring numerous indica-
tors of rangeland health (Table 12.1) in order to get a preponderance of evidence for evaluation.
Aircraft are necessary for HSR data acquisition; and image analysis currently requires human
inputs. The typical image-processing workflow for aerial photography is to geo- and ortho-rectify
the large number of photographs to produce a single image with boundary-to-boundary cover-
age. We suggest that this time-consuming effort is not necessary for rangeland monitoring. By
assuming each photograph is one plot in a statistical sample, accurate conclusions may be deter-
mined regarding the land area as a whole. Furthermore, from the geographic coordinates of each
photograph, the plot-scale results may be combined for landscape-scale information by kriging
or co-kriging.

Unsupervised or supervised classification of remote sensed imagery requires areas of a known
category for training, which is a problem for early detection of invasive species. Computer-facilitated
interpretation of HSR data may be used to detect plant species new to an area, because photographs
from other areas would be used as examples. Furthermore, with low-cost data storage, HSR acquisi-
tions may be archived for re-examination.

Most of the airborne HSR data used for method development were acquired using a manned
light sport aircraft (Booth and Cox, 2009, 2011), and the costs for LSA remote sensing were less
than other methods. The decade-long LSA effort included a strong emphasis on safety and there
were no incidents during the thousands of LSA flight-hours. Even though the availability of high-
quality components have made UAS much more reliable than a few years ago, there will be flight
and control failures. The expanse of rangelands is large, so the number of flight hours required for
monitoring will be large; using either LSA or UAS as low-altitude platforms should facilitate the
acquisition of HSR imagery for rangeland monitoring.

12.7 CONCLUSIONS

Rangeland state-and-transition models account for differences in plant communities occurring at
an ecological site, and these models are being adopted in different countries for rangeland man-
agement (Kouba et al., 2024; Ocholla et al., 2024; Parracciani et al., 2024; Angerer et al., 2023;
Kleinhesselink et al., 2023; Retallack et al., 2023; Thornley et al., 2023; Fenetahun et al., 2022;
Maphanga et al., 2022; Questad et al., 2022; Dube et al., 2021; Matongera et al., 2021; Sawalhah
et al., 2018; Jafari et al., 2017; McCord et al., 2017). Based on the natural range of variation, recently
disturbed ecological sites in the reference state may have lower diversity and biomass compared to
an alternative state. Therefore, after accounting for interannual variation in precipitation, detecting
lower biomass with spectral vegetation indices is not necessarily equal to detecting rangeland deg-
radation. Instead, degraded rangelands crossed a transition into an alternative ecological state such
that the area will not recover over time to its former diversity, biomass, and structure. Operational
monitoring of rangelands by remote sensing needs to be based on the information required for man-
agement in order to prevent degradation.
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As discussed in this chapter, there are many examples showing how sensors with different combi-
nations of high spectral resolution, high temporal resolution, and high spatial resolution may be used
to measure biodiversity, usually by detecting various indicators of rangeland health. We attempted
to make the best possible case for rangeland monitoring with each data type. At the current time, we
conclude that facilitated image interpretation of high spatial resolution data is the best method for
rangeland monitoring for management based on state-and-transition models. This conclusion is
based on one narrowly focused objective, providing information required for modifying management
practices in order to protect rangeland diversity and prevent rangeland degradation. Other objectives,
such as estimating biomass forage production, require other sources of remotely sensed data.

Medium resolution satellite data have been available for decades, and the only rangeland health
indicator that may be reliably estimated is the amount of bare ground (Table 12.1). Transitions to
alternative states may be recognized afterwards, but perhaps too late to prevent further degrada-
tion. High temporal resolution data from operational meteorological satellites are necessary for
monitoring vegetation phenology, functional types, and effects of drought. Phenology using higher
spatial resolution data from satellites currently in orbit is an extremely important new source of
information, and there should be an international effort to archive these data for world-wide avail-
ability. Multiple years” worth of data need to have been acquired and available in order to account
for interannual variability in temperature and precipitation.

High spectral resolution data may be used to detect and measure bare soil, many different inva-
sive species, and most plant functional types, the three most important indicators of rangeland
health (MacKinnon et al., 2011). Combined hyperspectral sensors and LiDAR in aircraft (Kouba
etal., 2024; Ocholla et al., 2024; Parracciani et al., 2024; Angerer et al., 2023; Kleinhesselink et al.,
2023; Retallack et al., 2023; Thornley et al., 2023; Fenetahun et al., 2022; Maphanga et al., 2022;
Questad et al., 2022; Dube et al., 2021; Matongera et al., 2021; Sawalhah et al., 2018; Jafari et al.,
2017; McCord et al., 2017; Asner et al., 2007; Asner and Martin, 2009; Kampe et al., 2010) are
promising because it is much easier to identify pure spectral components. Airborne sensors have
pixel sizes from 5 to 30 m, so image texture would help identify areas of spatial heterogeneity for
animal habitat. Finally, litter cover, biological crusts, and forage quality may be determined by
chemical composition.

Hyperspectral remote sensing does well when either the analyst has some prior information on
where the target is located (such as invasive species) or the spectral signature is invariant (cellulose
and lignin for litter cover). Soil minerals have spectral signatures, whereas soil types are classi-
fied based on pedogenesis. Plant species do not have signatures in the way that soil minerals and
biological compounds do, but this conclusion is being re-evaluated using more-advanced airborne
sensors (Asner and Martin, 2009, 2011; Asner et al., 2011). Furthermore, Rocchini et al. (2010a,
2010b) hypothesized spectral diversity per se is important for estimating biodiversity, which is par-
allel to the claim that spatial diversity from image texture is important for estimating biodiversity.
Object-based classification combines both spectral and spatial diversity and may become an effec-
tive method.

Rangeland monitoring with high spatial resolution data provides information directly relevant for
management based on rangeland health, to avoid transitions to more degraded states. There may be
a large difference between the scales at which information is useful compared to the scales at which
the data is acquired to produce the information. The scale for information required by rangeland
managers is the landscape, but acquisition of high spatial resolution data may be the most cost effec-
tive method of obtaining the required information.

12.8 DISCLAIMER

Mention of product names is for information only, does not imply government endorsement and
other products may be equally suitable.
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