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ACRONYMS AND DEFINITIONS

ASTER Advanced Spaceborne Thermal Emission and Reflection Radiometer

DEM Digital Elevation Model

ETM+ Enhanced Thematic Mapper Plus

EVI Enhanced Vegetation Index

GIS Geographic Information System

ISODATA Iterative Self-Organizing Data Analysis Technique
LAI Leaf Area Index

LiDAR Light Detection and Ranging

MSS Multispectral Scanner

MODIS Moderate-Resolution Imaging Spectroradiometer
NDVI Normalized Difference Vegetation Index

NDWI Normalized Difference Water Index

NIR Near-Infrared

NPP Net Primary Productivity

OLI Operational Land Imager

PAR Photosynthetically Active Radiation

SAVI Soil Adjusted Vegetation Index

SPOT Satellite Pour I’Observation de la Terre, French Earth Observing Satellites
™ Thematic Mapper

USDA United States Department of Agriculture

13.1 INTRODUCTION

While there are many definitions of rangeland, the central theme of all these is that it is land on
which the dominating vegetation is mainly grasses, grass-like plants, forbs, shrubs and isolated trees
(De Cauwer et al., 2024; Arogoundade et al., 2023; Feizizadeh et al., 2023; Sharifi and Felegari,
2023; McCord and Pilliod, 2022; Matongera et al., 2021; Zhou et al., 2020; Hadian et al., 2019;
Al-bukhari et al., 2018; Eddy et al., 2017; Gokalp et al., 2017). Rangelands include shrublands,
natural grasslands, woodlands, savannahs, tundra and many desert regions. A distinguishing factor
of rangelands from pasture lands is that they grow primarily native vegetation, rather than plants
established by humans. Rangelands are also managed mainly through extensive practices such as
managed livestock grazing and prescribed fire rather than more intensive agricultural practices and
the use of fertilizers. Rangelands worldwide are known to provide a wide range of desirable goods
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and services, including but not limited to livestock forage, wildlife habitat, wood products, mineral
resources, water and recreation space. Large populations depend on rangelands for their livelihoods,
hence effective monitoring and management is crucial for sustainable production, health and bio-
diversity of these systems (McCord and Pilliod, 2022; Matongera et al., 2021; Zhou et al., 2020).

Effective monitoring of rangelands has proven logistically and statistically difficult using field
based monitoring methods alone due to the sheer size, range and complexity of rangelands (Hadian
et al., 2019; Al-bukhari et al., 2018; Eddy et al., 2017; Gokalp et al., 2017). Mapping and monitor-
ing of rangelands, especially those in a disturbed state or under rapid change, requires data that is
extensive, accurate, timely and with regular repeat coverage. All this makes remote sensing an ideal
platform for rangeland monitoring as recent developments in sensor capabilities means we have
repeat coverage from multiple satellites, spectral resolutions sufficient to distinguish many range-
land vegetation species and communities, spatial resolutions allowing monitoring and management
at micro-scales and costs that are a small fraction of a few decades ago. Remote Sensing data is
more easily available and the systems cover almost the entire world, and certainly all the regions
where rangelands occur.

There is a plethora of literature available that describe various uses of remote sensing data for
rangeland monitoring, ranging from mapping species distribution, biomass, degradation, woody
cover, net primary production, biodiversity, change detection, fuel loads, fire extents and frequency,
invasive species encroachment, livestock foraging, etc. New methods of image classification and
interpretation are regularly published, as well as novel techniques of incorporating satellite data
with ancillary data to better understand rangeland dynamics (Arogoundade et al., 2023; Feizizadeh
et al., 2023). Some of these applications have been discussed in the previous two chapters of this
volume of the Remote Sensing Handbook (Second Edition, six volumes), with Reeves et al. (Chapter
11) looking at the relationship between rangeland productivity and climate, food security, fire and
rangeland degradation, and Hunt et al. (Chapter 12) exploring rangeland biodiversity using different
spectral, spatial and temporal satellite data.

The focus of this chapter is to present and discuss methods and approaches used in the map-
ping and monitoring of rangelands. We do this by presenting characterization, mapping, and mon-
itoring of rangelands in specific applications such as: 1. Phenology and Productivity studies; 2.
Fuel Analysis; 3. Biodiversity and Gap Analysis; 4. Vegetation Continuous Fields, and 5. Change
Detection Analysis. We summarize some oft-used traditional means of mapping and monitoring
rangelands but concentrate on newer developments in this field.

13.2 RANGELAND MONITORING METHODS USING VEGETATION INDICES

13.2.1 RANGELAND PHENOLOGY

Rangeland phenology for vegetation types (shrublands, grasslands, steppes, deserts, and woodlands)
is affected by environmental drivers (temperature, precipitation, sunshine) and factors such as topog-
raphy (elevation, slope, aspect), edaphic conditions (variations in soil type, texture, nutrients) and
latitude (Feizizadeh et al., 2023; Gokalp et al., 2017). Rangeland vegetation growth is the result of
overall influence of all environmental drivers and factors and their interaction, and responds more
rapidly to the environmental variations as compared to other kinds of vegetation (Reed et al., 1994a,
1994b). Since rangelands are mainly located in dry areas characterized by low and variable annual
rainfall (Grice and Hodgkinson, 2002; Zhou et al., 2020), precipitation regime has a much more
significant influence on rangeland vegetation among all the environmental drivers and factors (Reed
et al., 1994a, 1994b). They usually respond to precipitation in a pulsed way where their phenology
is dependent on discrete rainfall events in terms of productivity, density, and abundance (Rauzi
and Dobrenz, 1970). Temperature has also been observed to have direct influence on phenological
phases and a large number of studies have been conducted to determine the effects of temperature
on the phonological timings of plants (Badeck et al., 2004; Sparks et al., 2000). Livestock grazing is



Characterization, Mapping, and Monitoring of Rangelands 467

another notable factor that influences rangeland phenology and has impact on rangeland vegetation
(Desalew et al., 2010). The grazing-induced vegetation change is dependent on the type of livestock
and the composition of vegetation types and hence an important consideration in monitoring or pre-
dicting rangeland plant phenology (Sharifi and Felegari, 2023; McCord and Pilliod, 2022).

The advent of remote sensing technology induced great changes in vegetation phenology studies by
providing temporal data at regular intervals. Time-series data have been used to predict phenophase in
terms of onsets and offsets of the vegetation growing season as well as budburst, flowering or leaf color
changing dates. A simple way to predict the onset and/or offset of the growing season is to analyze the
time series of vegetation indices (VIs). There have been many methods to determine the onset/offset
dates, including thresholds, maximum rate of change, or a certain percentage of the greatest VI increase
(McCord and Pilliod, 2022; Al-bukhari et al., 2018). For example, Rigge et al. (2013) evaluated the
productivity and phenology of western South Dakota mixed-grass prairie in the period from 2000 to
2008 using the Normalized Difference Vegetation Index (NDVI) derived from MODIS data. They used
growing-season NDVI images on a weekly basis to produce time-integrated NDVI, a proxy of total
annual biomass production, and also integrated seasonally to represent annual production by cool- and
warm-season species (C3 and C4, respectively). Heumann et al. (2007) studied phenological change in
the Sahel and Soudan, Africa from 1982-2005. They used TIMESAT software to estimate phenologi-
cal parameters from the AVHRR NDVI dataset and have found significant positive trends for the length
of the growing and end of the growing season for the Soudan and Guinean regions. Kumar et al. (2002)
showed that soil type has a significant impact on the early season growth variation of annual vegetation
on sandy and clay soils, a fact that is utilized in the movement patterns of graziers in the Sahel.

13.2.2  VEGETATION INDICES IN RANGELAND MONITORING

13.2.2.1 What to Measure?

To be effective estimators of biomass, Leaf Area Index (LAI), or percentage cover, spectral indices
must be able to differentiate vegetation features from soil features (Todd et al., 1998). For such
differentiation, it is a requirement that the soils and vegetation have different reflectance patterns
and the spectral index should be sensitive enough to detect the differences. Green vegetation has
characteristically low reflectance in the visible portion of the spectrum (lowest in red portion of
the spectrum) with a sharp increase in reflectance in the near-infrared portion (Figure 13.1). Most
of the commonly used vegetation indices exploit this expected difference in near-infrared and red
reflectance for vegetation discrimination and in separating them from non-vegetated areas (Sharifi
and Felegari, 2023; McCord and Pilliod, 2022). For example, the Normalized Difference Vegetation
Index (NDVI), computed as: NDVI = NIR-Red/NIR + Red, has been used in a wide range of practi-
cal remote sensing applications (e.g., Tucker et al., 1985). The NDVI values range between —1 to +1,
with dense vegetation having a high NDVI while soil values are low but positive, and water is nega-
tive due to its strong absorption of NIR. Tucker (1979) tested various combinations of the red, NIR,
and green bands to predict biomass, water and chlorophyll content of grass plots. A strong correla-
tion was observed between NDVI values and chlorophyll content and crop characteristics such as
green biomass and leaf water content. Sellers (1985) used a canopy radiative transfer model to show
that NDVI is near-linearly related to area-averaged net carbon assimilation and plant transpiration,
even at different values of fractional vegetation cover (fc) and LAI over an area of interest.

The TM Tasseled Cap green vegetation index (GVI) is a linear combination of the six reflecting
wavebands of Landsat TM (Crist, 1983). The GVI coefficients with the highest values are for the red
(negatively loaded) and the near-infrared (positively loaded) wavebands.

13.2.2.2 Soil Reflectance Variation

As compared to vegetation, soil reflectance patterns are usually quite different and generally increase
linearly with increasing wavelength: from visible to near-infrared to mid-infrared (Figure 13.1).
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FIGURE 13.1 Idealized representation of spectral reflectance curves for green and dead vegetation, and
light and dark soils.

Unlike vegetation, soil usually has high reflectance in the visible wavelengths and low reflectance
in the near-infrared wavelengths. Figure 13.1 illustrates the contrast in reflectance patterns between
dark (low reflecting) and light (high reflecting) soils. The difference between reflectance of soil and
vegetation, in case of high reflecting soils, can be small in the near-infrared wavelengths (Eddy et al.,
2017; Gokalp et al., 2017).

Soil reflectance properties vary considerably with soil type, texture, moisture content, organic
matter content, color, and the presence of iron oxide (McCord and Pilliod, 2022). Low reflecting
soils are usually dark, high in organic matter or moisture, containing iron oxides, and/or coarse
textured. Dry soils show high reflectance values in visible, near-infrared, and mid-infrared regions
of the spectrum. In contrast wet soils show low reflectance values for these regions (Bowers and
Hanks, 1965).

13.2.2.3 Soil Background Impacts on Spectral Indices

In rangelands and semi-arid regions, background soil effects lead to soil-vegetation spectral mix-
ing, a major concern in vegetation identification from spectral indices using remote sensing data.
Soil, plant and shadow reflectance components mix interactively to produce composite reflectance
(Richardson and Wiegand, 1990). The knowledge on soil reflectance variations for different soil
types and conditions and their interaction with vegetation reflectance is essential to differentiate
the soil and vegetation reflectance patterns. This helps in assessing the potential effectiveness of
remote sensing techniques to map spatial distribution of plant species or communities and estimate
biomass (De Cauwer et al., 2024; Sharifi and Felegari, 2023; McCord and Pilliod, 2022; Al-bukhari
et al., 2018).

Generally, the values of ratio based indices, such as the normalized vegetation index, tend to
increase with dark or low reflecting soil backgrounds (De Cauwer et al., 2024; Hadian et al., 2019;
Al-bukhari et al., 2018; Elvidge and Lyon, 1985; Huete et al., 1985; Todd and Hoffer, 1998, 1997).
However, a few studies have shown that the Tasseled Cap green vegetation index (GVI) decreases
with low reflecting soil backgrounds (Huete et al., 1985; Huete and Jackson, 1987). The influence of
soil type and moisture content on vegetation index was found less for Landsat TM derived GVTI as
compared to NDVI when estimating percentage green vegetation cover, based on a two component
soil and vegetation model (Todd and Hoffer, 1997). Where soil effects on NDVI are a problem,
alternative VIs such as the Soil Adjusted Vegetation Index (e.g., Huete, 1988) or the scaled differ-
ence vegetation index (Jiang et al., 2006) can be used.
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13.2.2.4 Vegetation Reflectance Variation

The relationship between biomass and spectral indices can also be affected by vegetation condition,
distribution and structure (Sharifi and Felegari, 2023; McCord and Pilliod, 2022; Todd et al., 1998).
The loss in chlorophyll content due to drying of vegetation alters spectral reflectance characteristics
in the visible and infrared regions. This phenomena is a very common occurrence in semi-arid
rangelands such as the shortgrass steppe (Hadian et al., 2019). In case of drying vegetation, the
reflectances in both the visible and in the mid-infrared regions of the spectrum increase signifi-
cantly. The reflectance patterns of dead or dry plant material are more similar to soil than to healthy
green vegetation (Matongera et al., 2021). Both dry vegetation and most soils have high reflectance
in the visible and mid-infrared regions (Hoffer and Johannsen, 1969) and hence the spectral simi-
larities introduce difficulties in remote sensing applications in rangelands.

For a given region, if dry or senescent biomass forms a significant portion of total vegetation
present, the spectral distinction between vegetation and soil background is altered (Todd et al.,
1998). For bright soil, spectral bands such as Red or indices such as Tasseled Cap brightness index,
which are responsive to scene brightness, should help in vegetation discrimination in the presence
of dry and/or senescent vegetation which appear less bright than the soil background.

Todd et al. (1998) found that the RED index, which responds to surface brightness, estimated
vegetation cover on high reflecting soils more accurately than vegetation indices because dry veg-
etation was less bright than the soil background.

The grazing pattern and intensity also change the relative proportions of the standing dead and
green biomass (Matongera et al., 2021; Sims and Singh, 1978a, 1978b) and cover characteristics
(Milchunas et al., 1989) of plant communities within the rangelands. With increasing grazing inten-
sity, the amount of standing dead plant material as well as litter decreases; however, in the absence
of grazing, there will be considerable amount of both green and dry vegetation present. The pres-
ence of dead and/or drying plant material causes spectral confusion between this dead/drying plant
material and the soil background and hence creates difficulties in estimating biomass using remote
sensing techniques. Therefore, comparisons between grazed and ungrazed sites can provide insights
into the impacts of senescence on biomass detection. In addition, grazing intensity varies consider-
ably with topography (Milchunas et al., 1989), therefore information on the effectiveness of various
remote sensing indices in detecting biomass under different grazing intensities could be useful in
developing models across landscapes with heterogeneous grazing patterns. The field methods used
to sample vegetation may also affect possible relationships between remote sensing indices and
biomass.

13.2.2.5 Overview of Vegetation Indices

Vegetation indices combine reflectance measurements from different portions of the electromag-
netic spectrum to provide information about vegetation cover on the ground (De Cauwer et al.,
2024; Matongera et al., 2021; Zhou et al., 2020). Healthy green vegetation has distinctive reflectance
in the visible and near-infrared regions of the spectrum. In the visible region, and in particular red
wavelengths, plant pigments strongly absorb the energy for photosynthesis, whereas in the near-
infrared region the energy is strongly reflected by the internal leaf structures. This strong contrast
between red and near-infrared reflectance has formed the basis of many different vegetation indices.
When applied to multispectral remote sensing images, these indices involve numeric combinations
of the sensor bands that record land surface reflectance at various wavelengths.

One of the most promising applications of satellite data is the estimation of net primary
productivity over time and space. The use of satellite derived vegetation indices has been use-
ful for estimating net productivity (Al-bukhari et al., 2018). Vegetation indices are not a direct
measure of biomass or primary productivity, but establish empirical relationships with a range
of vegetation/climatological parameters (Weiser et al., 1986) such as: (a) Fraction of Absorbed
Photosynthetically Active Radiation (FAPAR); (b) Leaf Area Index (LAI); and (c) Net Primary
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Productivity (NPP). They are simple to understand and their implementation is fast as most of
them use spectral band values in a mathematical formulation (e.g., ratio, difference, etc.). While
maintaining sensitivity to vegetation temporal characteristics and seasonality, most of these indi-
ces reduce sensitivity to topographic effects, soil background, view/Sun angle and atmosphere
to some extent. While many vegetation indices have been developed over the years, Table 13.1
lists a few of these and provides references for further investigation (McCord and Pilliod, 2022;
Matongera et al., 2021).

TABLE 13.1
Vegetation Indices Commonly Used in Rangeland Studies

1

10

11

12

Vegetation Index

SR—Simple Ratio

EVI—Environmental Vegetation Index
(Birth and McVey, 1968)

NDVI—Normalized Difference
Vegetation Index

(Rouse et al., 1974)

PVI—Perpendicular Vegetation Index

(Richardson and Wiegand, 1977)

SAVI—Soil-Adjusted Vegetation Index
(Huete, 1988)

TSAVI—Transformed SAVI
(Baret et al., 1989)

Kauth-Thomas transformation [Tasseled
cap, K-T]

(Kauth and Thomas, 1976)

GNDVI—Green NDVI

(Gitelson et al., 1996)

GEMI—Normalized Difference
Vegetation Index

(Pinty and Verstraete, 1992)

EVI—Enhanced Vegetation Index
(MODIS)

Huete et al., 2002)

II—Infrared Index
Hardisky et al., 1983)

MSI—Moisture Stress Index
(Rock et al., 1985)

Formula
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SAVI:(HL)M
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L is a correction factor whose values range from 0 (high vegetation
cover) to 1 (low vegetation).
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(Pr+a*pi— “*b))

GVI=-072728(TM1) - 0'2174(TM2) — 0'5508(TM3)
+0'722(TM4) + 0'0733(TM5) — 0'1648(TM7)

ND V[g _ (PNIR ’Pgw,,) :|

( PNIR * Pgreen )

I PNIR ~ Pred
EVI=G -
L PR+ Cr* Prea =Co ™ Ppiue +1L }

L = canopy background adjustment that addresses nonlinear,
differential NIR and red radiant transfer through a canopy, and
C1, C2 are the coefficients of the aerosol resistance term, which
uses the blue band to correct for aerosol influences in the red
band.
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13.2.2.6 Vegetation Indices (VIs) as Proxies for Other Canopy Attributes
13.2.2.6.1 Vis and LAl

The leaf area index (LAI) is an estimate of the total leaf area per unit area (Glenn et al., 2008). LAI
links vegetation indices to photosynthesis through the absorbed photosynthetically active radiation
(Tucker and Sellers, 1986). When light travels through a series of leaves the transmission and there-
fore reflectance in near infrared of the electromagnetic radiation decreases (McCord and Pilliod,
2022). On the other hand, the uppermost leaf layers of a green vegetation canopy strongly absorb the
red portion of the spectrum and therefore reduce their transmittance to successive leaf layers. The
relation between LAI and vegetation indices varies among vegetation types (Peterson et al., 1987).
In the case of saturated LAI, the ability to estimate biomass using vegetation indices is constrained,
however, in rangelands, such as the shortgrass steppe, LAI saturation is improbable (Sharifi and
Felegari, 2023; McCord and Pilliod, 2022).

LAI is derived mathematically and has no direct relationship to fPAR or processes that depend
on fPAR (Glenn et al., 2008). LAI is related to light interception by a canopy (Ri) by:

Ri=Rs(1 -exp—-kLAI)

where k is a factor that accounts for leaf angles and other factors that affect absorption of Rs within a
canopy (Monteith and Unsworth, 1990). Vertical leaved (erectophiles) plants typically absorb less light
per unit leaf area than plants with relatively horizontal leaves (planophiles). Within a stand, the coef-
ficient k also varies with respect to plant arrangements. Single stand plants receive light from all sides of
their canopy as compared to dense stands of plants which receive light from the top of the canopy. The
fraction of light absorbed by the canopy (fPAR) depends not only on Ri but also on the spectral proper-
ties of the leaves. The reflective surfaces present in some leaves reduce the heat gain while other sur-
faces absorb nearly all of the incident radiation between the visible bands (400 and 700 nm). Therefore,
a correlation can easily be established between LAI and NDVI for single plant species grown under
uniform conditions (Asrar et al., 1985). However, the same is not the case with mixed canopies, often
the case in remote sensing data, in which a single pixel contains several landscape units.

13.2.2.6.2 VIs and Fractional Cover (fc)

Models use fractional vegetation cover to divide the landscape into areas of vegetation and bare soil
(Zhou et al., 2020; Hadian et al., 2019; Glenn et al., 2007; Kustas and Norman, 1996; Anderson,
1997; Timmerman et al., 2007). Different methods are used in these models to estimate carbon and
moisture fluxes from vegetation and bare soil and the fraction of the landscape that is vegetated
(Glenn et al., 2008). Typically, a landscape unit is partitioned into bare soil and vegetation through
the use of vegetation indices (VIs). For example, NDVI values derived from satellite images and
ranging from —1 to +1 are rescaled between 0 and 1 to represent bare soil at values near 0 and
100% vegetation cover at values near to 1 to get fc for a given pixel or area of interest in the scene.
Depending on the models used, the scaling is done linearly or in a nonlinear way to represent the
vegetation type of interest. Some models require both LAT and fc often estimated by VIs (Anderson,
1997). In a few cases, ground-based information relating to vegetation species and canopy charac-
teristics are also included to improve the estimates. Sometimes average leaf angles for a particular
type of landscape are used to predict both fc and LAI from VIs (Anderson, 1997).

For partially vegetated scenes with LAI in the range of 1-3, Hadian et al. (2019) found VIs to
be much more closely related to fc than to LAI in case of clumped vegetation, and the relation-
ships between NDVI and fc to be nonlinear. They showed that, for partially vegetated scenes of
uniform vegetation type, VIs were a good measure of fc. Other studies on a variety of landscape
types have also reported strong linear (McCord and Pilliod, 2022) or nonlinear (Al-bukhari et al.,
2018) relationships between VIs and fc. However, at 100% cover, different plant species may have
different VIs due to differences in chlorophyll content and canopy structure, and thus create a
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potential practical problem in using VIs to estimate fc over mixed scenes. Amiri and Shariff (2010),
in their study of vegetation cover assessment in semi-arid rangelands of Iran, used 26 different VIs
to determine suitable indices for vegetation cover and production assessment, and found a signifi-
cant relationship between NDVI derived from ASTER data with the vegetation cover. In another
study, Ajorlo and Abdullah (2007) examined four vegetation indices (NDVI, SAVI, PVI and RVI)
to assess rangeland degradation in semi-arid parts of the Qazvin province, Iran. The results showed
that NDVI was a more powerful index for assessing the rangeland degradation as compared to
other indices. McCord and Pilliod (2022) used NDVI and ratio vegetation index (RVI) in grassland
study and found good correlation between fresh herbage yields and RVI and NDVI (P < 0.01) in
four grassland types with correlation coefficient (r) >0.679. Fresh herbage yields correlated better
with RVI than with NDVI for lowland meadow, hill desert steppe, and mountain meadow, but not
for plains desert steppe. Matongera et al. (2021) monitored grassland health with remote sensing
approaches and assessed the effectiveness of remote sensing in grassland monitoring. They found
that it was challenging to use remotely sensed data in mixed grasslands because the large proportion
of dead material complicated analysis for indices that were not developed for heterogeneous land-
scapes, especially in conservation areas. They investigated the relationship between remote sensing
data and grassland biophysical measurement, including aboveground biomass and plant moisture
content, in the native mixed prairie ecosystem with its high litter component. Their results indicated
that the NDVI was not suitable for biomass estimation although a moderate relationship was found
between NDVI and plant moisture content. Compared to NDVI, leaf area index (LAI) provided
promising results on both biomass and plant moisture content estimation. John et al. (2008) evalu-
ated the utility of MODIS-based productivity (GPP and EVI) and surface water content (NDSVI
and LSWI) in predicting species richness in the semi-arid region of Inner Mongolia, China. They
found that these metrics correlated well with plant species richness and could be used in biome- and
life form-specific models (De Cauwer et al., 2024; Matongera et al., 2021; Zhou et al., 2020).

Although, different vegetation indices are used in assessing the rangeland degradation, there are
still challenges facing the classification of vegetation species in degraded areas where the reflectance
is strongly affected by the soil background as a result of relatively sparse vegetation and atmospheric
conditions.

13.2.3 Case Stupy: RANGELAND PHENOLOGY AND PRODUCTIVITY IN THE
NORTHERN MIXED-GRASS PRAIRIE, NORTH AMERICA

13.2.3.1 Introduction

Rangelands across the northern plains of North America are predominantly mixed-grass prairie
communities and can be dominated by either C, (cool-season) or C, (warm-season) grass species.
These mixed-grass communities exhibit different growth dynamics or phenological patterns that
can be detected from satellite remote sensing (Sharifi and Felegari, 2023; McCord and Pilliod,
2022; Matongera et al., 2021; Zhou et al., 2020; Gokalp et al., 2017; Rigge et al., 2013; Tieszen
etal., 1997). Although remote sensing cannot detect traditional phenological events such as budding
and flowering in individual plants (Tieszen et al., 1997; White et al., 2009), it can detect important
landscape-level phenological measures such as the onset of the growing season, the end of the grow-
ing season, rate of green-up, and peak vegetation vigor based on satellite image time series over a
growing season (De Cauwer et al., 2024; Matongera et al., 2021; Gokalp et al., 2017; Kovalskyy and
Henebry, 2012; Reed et al., 1994b; Tao et al., 2008; van Leeuwen et al., 2010). In this case study,
conducted in the Bad River watershed in western South Dakota, USA, the spatial and temporal
dynamics of rangelands as measured by remote sensing indicators or “phenological metrics” varied
related to climate, management, and plant photosynthetic pathway (Rigge et al., 2013).

Land management, livestock grazing, invasive species, and prolonged droughts have the poten-
tial to change rangeland plant community structure and therefore contribute to altered phenological
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patterns (De Cauwer et al., 2024; Matongera et al., 2021; Gokalp et al., 2017; Foody and Dash, 2007,
Tieszen et al., 1997)). These factors also have the potential to modify ecosystem goods and services
(Matongera et al., 2021). One benefit in monitoring rangelands is to detect and mitigate any damag-
ing trends caused by land management (Paruelo and Lauenroth, 1998).

Biomass production in rangelands by C, and C, plants displays significantly different phenologi-
cal timing that is detectable utilizing satellite remote sensing. Information on rangeland phenologi-
cal dynamics has been applied to assessing rangeland health monitoring, due to inferences that can
be made about community composition and presence of invasive species (Arogoundade et al., 2023;
McCord and Pilliod, 2022; Eddy et al., 2017; Boyte et al., 2014; Rigge et al., 2013; Tateishi and
Ebata, 2004). For example, rangeland plant communities dominated by either C; or C, species can
be identified through their unique and asynchronous phenological time series signals (Foody and
Dash, 2007). Grasses with C, pathways are most active during the cooler spring and fall seasons,
while many C, grasses are adapted to the hot and dry summer months (Arogoundade et al., 2023;
Zhou et al., 2020; Gokalp et al., 2017; Foody and Dash, 2007; Tieszen et al., 1997; Wang et al., 2010).
State-and transition models indicate that cool-season (C;) grasses tend to dominate historic plant
climax communities in many ecological sites of the northern mixed prairie, while shortgrass (C,)
species generally increase under disturbance such as heavy, continuous, season-long grazing (U.S.
Department of Agriculture, 2008). Furthermore, phenological differences are useful for identifying
vegetation types. For example, in western South Dakota, riparian vegetation tends to be dominated
by C, species while upland vegetation communities consist primarily of C; plants. In late summer,
this difference allows for the detection of a clear riparian vegetation signal (Kamp et al., 2013).

In the northern mixed-grass prairie, the majority of C; production occurs in spring and fall, and
most C, production occurs in summer, although there is both spatial and temporal overlap in pro-
duction (Ode et al., 1980). For example, both C; and C, plants actively produce biomass in mid- to
late June with no clear separation between the timing of their production (Ode et al. 1980). In mid-
summer (1 July to 31 August) production is typically dominated by C, grasses in the study area and
was therefore used to define the warm-season period (Ode et al., 1980; Wang et al., 2010).

13.2.3.2 Methods
13.2.3.2.1 5tudy5ite

The Bad River watershed of western South Dakota (~lat 45°N, long 101°W) is dominated by the
Clayey ecological site description in the Major Land Resource Area classification (U.S. Department
of Agriculture, 2008). The topography of this region is generally typified by long, smooth slopes,
with steeper slopes along well-defined waterways. Bedrock throughout the watershed is Pierre Shale,
resulting in soils with a high clay content and low permeability. The climate is semiarid, receiving an
average of 398 mm precipitation annually over the 2000-2008 period of which 80% occurred during
the growing season of April to September. Annual precipitation is highly variable, with drought and
insufficient moisture common (Matongera et al., 2021). The daily mean temperature ranges from 32°C
in July to 14°C in January, with a yearly mean of 8°C (Smart et al., 2007). Analysis was constrained
to pixels classified in the National Land Cover Database 2006 as herbaceous cover (Fry et al., 2011).

The study area vegetation is mixed-grass rangeland dominated by C; grasses including west-
ern wheatgrass (Pascopyrum smithii Rybd.) and green needlegrass (Stipa viridula Trin. & Rupr.;
Smart et al. 2007). Shortgrasses (C,) include buffalograss (Bouteloua dactyloides Nutt.) and blue
grama (Bouteloua gracilis H.B.K.). Midgrasses are typically C, species such as little bluestem
(Schizachyrium scoparium [Michx.] Nash) and sideoats grama (Bouteloua curtipendula [Michx.]
Torr.). Little forb and succulent cover exists (Sims and Singh et al., 1978a, 1978b).

13.2.3.2.2 Input Data

Moderate Resolution Imaging Spectroradiometer (MODIS) satellite time series data provided an
ideal balance between spatial resolution and temporal repeat, and are therefore well-suited for
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FIGURE 13.2 (a) Phenological profiles for Bad River watershed, South Dakota, USA, from 2000-2008 where
years are colored according to growing-season precipitation (shown on the secondary vertical axis). Colors
range from red (for dryer growing seasons to blue (for relatively wetter growing seasons). The left third of the
graph shows the spring cool season (CS), the middle shows the warm season (WS), and the right thirds shows
the fall CS. (b) [llustration of idealized phenological profile and main phenological indicators used in the study.
The entire gridded area corresponds to the growing season time integrated NDVI (TIN) and the blue gridded
area corresponds to the spring CS integrated NDVI. (Based on Figure 13.1 and 13.3 in Rigge et al. 2013.)

phenology studies across relatively large regions. This study is based on 9 years (2000-2008) of
eMODIS weekly composite Terra MODIS imagery at 250-m resolution (van Leeuwen et al., 2010).
NDVI values were calculated and rescaled to a range of 0 to 200 to simplify calculations by elimi-
nating negative values. Hereafter, rescaled NDVI will be referred to as sSNDVI (scaled NDVI).

Annual variability in rangeland phenology and productivity as shown in MODIS sNtDVI time
series plots (Figure 13.2a) is fairly common (Tieszen et al., 1997), where complex herbaceous com-
munities respond to highly variable inter- and intra-annual precipitation (Lauenroth and Sala, 1992;
Smart et al., 2007).

13.2.3.2.3  Phenological Analysis

Several measures calculated on a pixel by pixel basis were utilized in this study to describe the phe-
nology of rangeland communities (Table 13.2). The start of the season was calculated for each pixel
as the first point in time each year when SNDVI reached 20% of the total growing-season SNDVI
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TABLE 13.2
Phenological Measures Calculated from Input MODIS Time Series Profiles
Remote Sensing Phenological Metric Description/Notes
1 SOS: Start of season Time of first occurrence of SNDVI >=20% of growing season
amplitude (within a calendar year)
2 EOS: End of season Time of last occurrence of SNDVI >=20% growing season amplitude
(within a calendar year)
3 AMP: Amplitude Difference between the growing season minimum sNDVI and the
growing season peak NDVI
SNDVI Value of peak growing season NDVI
5 sNDVI .. Value of minimum growing season NDVI
Baseline Values of <=20% of growing season amplitude (within a calendar

year) that are eliminated
7 TINgg Summation of SNDVI from Apr 1- Oct 1 where SNDVI is >=20% of
growing season amplitude

amplitude of that year (van Leeuwen et al., 2010). The total growing season amplitude was calcu-
lated as the difference between the peak sNDVI value (during the April 1 to October 31 growing
season) and the minimum sNDVI value during this period. Similarly, the end of the season was the
time at which the sSNDVI value dropped below 20% of the total growing-season sSNDVI amplitude.
This approach better approximated the total seasonal biomass production than simply averaging
NDVT across the entire growing season. TIN served as a proxy for growing-season total biomass
production. Because TIN is influenced by the magnitude and duration of mNDVI values, the satura-
tion effects that occur at larger leaf area index values (Huete et al., 2002) are minimized. The TIN
of the spring cool season (start of season to 30 June) was also used in this study (Figure 13.2b).

Since phenological profiles can reveal community species composition and vegetation communi-
ties (McCord and Pilliod, 2022; Matongera et al., 2021; Zhou et al., 2020; Gokalp et al., 2017; Reed
et al., 1996; Tateishi and Ebata, 2004) and phenology can strongly influence biomass production
(Smart et al., 2007), the combined geospatial data on cool-season grasses and TIN was combined
to create a watershed-level vegetation map (Figure 13.3). The per-pixel 2000-2008 average TIN
was grouped into three classes: (1) within one standard deviation of the study area mean, (2) below
one standard deviation of the mean, and (3) above one standard deviation of the mean. A similar
approach was used to group the 20002008 average cool-season percentages into three classes. The
TIN and cool season percentage classes were integrated to form nine vegetation classes, represent-
ing the average of the 2000-2008 conditions.

Table 13.3 provides vegetation class numbers, generally indicative of the plant community state,
with higher numbers closely approaching the western wheatgrass/green needlegrass community
(historic climax plant community of the Clayey ecological site) and lower numbers generally
indicative of the blue grama/buffalograss plant community (Smart et al., 2007; U.S. Department
of Agriculture, 2008). Classes marked with “+” indicated TIN or CS% over one standard deviation
higher than the study area average, “N” indicated TIN or CS% within one standard deviation of the
average, and “—" indicated TIN or CS% below one standard deviation of the average.

Spatial patterns of vegetation classes are useful for describing topographic, edaphic, and land
management influences on plant communities (Figure 13.3). For example, areas with both low cool-
season percentage and low TIN (class 1) were likely dominated by buffalograss and blue grama,
both low-producing C, species. This community was reported to result from strong grazing pressure
(Smart et al., 2007; U.S. Department of Agriculture, 2008) in the Clayey ecological site, but might
stem from lower than normal warm-season moisture in Pierre Shale/badland outcrops.
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FIGURE 13.3 Nine vegetation classes derived from growing season time-integrated NDVI (TIN) and aver-
age cool season percentage (CS%) in the Bad River watershed, South Dakota, USA, shaded gray in the inset
map. Light gray areas denote non-rangeland vegetation types that were excluded from this analysis. The
Cottonwood Range and Livestock Research Station (CRLRS) is located in the southwest. (Based on Figure
13.6 in Rigge et al. 2013.)

TABLE 13.3

Bad River Watershed Rangeland Vegetation Classes

Vegetation

Class TIN CS% Area (%) Mean TIN Mean CS%
1 - - 47 268.2 745
2 N - 8.8 329.0 74.7
3 + - 19.1 389.4 73.7
4 - N 10.2 279.2 80.3
5 N N 12.8 3273 80.0
6 + N 10.3 376.7 79.8
7 - + 18.1 270.1 85.7
8 N + 11.5 325.0 85.0
9 + + 4.5 3707 84.7

13.2.3.2.4 Validation Methods

Validation is a critical, yet challenging, component of phenological studies based on remote sens-
ing. Methods were performed based on field plot data and carbon flux tower data. The field plot
data were collected for two distinct plant communities (mixed-grass and midgrass-dominated) in
fields that were retained under long-term grazing management practices (Dunn et al., 2010). Field-
measured vegetation data estimated species composition by weight in late June (peak cool-season
biomass) and early August (peak warm-season biomass). A nonrandom sampling scheme consisted
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of 14 plots per field represented local variation in soil type, slope, and aspect. The remotely sensed
yearly average TIN and cool-season percentage for each field were regressed against the correspond-
ing field-measured average biomass production and cool-season percentage data. The comparison
of remotely sensed growing season TIN and phenology to field vegetation data collected at the
Cottonwood Range and Livestock Research Station (CRLRS) in the Bad River watershed suggested
that the remote observations were successful in describing actual conditions (Rigge et al., 2013).
Field-measured cool-season biomass production and cool-season TIN were greater on the midgrass-
dominated pastures than the mixed-grass pastures, following the expected pattern (Sims and Singh,
1978a, 1978b; Smart et al., 2007). Overall, the relationship between field-measured annual biomass
production and TIN by pasture was strong (R? = 0.69, P < 0.01, n = 24).

A carbon flux tower located on a mixed-grass plant community pasture at the CRLRS was used for
validation at that site. Thirty-minute flux tower quality-controlled ecosystem data for 2007 and 2008
were modeled using nonlinear light response curves driven by photosynthetically active radiation
(PAR), soil temperature, and vapor pressure deficit to partition carbon fluxes associated with PAR
(i.e., gross primary productivity) from those associated with total ecosystem respiration (Gilmanov
et al., 2010). Gross photosynthesis (PG) data were calculated as the sum of day CO, flux and respira-
tion minus the rate of change in atmospheric CO, storage below the tower. Phenological metrics from
the flux tower data were generated using the same methods employed for MODIS data, making the
results generated from both datasets more directly comparable. Flux tower PG data were strongly
related to SNDVI values (R? = 0.67, P < 0.01) at the overlapping pixel. Similarly, the accumulation of
TIN and PG throughout both growing seasons were related (R? > 0.90 in both years).

13.2.3.2.5 Conclusions

Information on the timing and magnitude of biomass production can be a useful tool for assessment
of rangeland health (De Cauwer et al., 2024; McCord and Pilliod, 2022; Eddy et al., 2017; Gokalp
et al., 2017). Species diversity and variable weather across the northern mixed-grass prairie make
modeling native rangelands problematic. However, the MODIS-based phenological indicators were
successful in capturing important characteristics of plant community phenology and productivity.
The results of this study clarify the spatial and temporal dynamics (inter and intra-annual) of phe-
nology and biomass production in response to precipitation in this region.

This approach could be useful to land managers in adjusting the stocking rate and season of
grazing to 1) maximize rangeland productivity and profitability (Dunn et al., 2010) and 2) achieve
conservation objectives, through improving understanding of management impacts to rangeland
phenology and production. Maps such as these might also be useful to identify areas where land
degradation may be occurring or is likely to occur if current management practices are continued.
Further, if the phenological metrics of a patch (e.g., pasture) of land is dramatically different than
the surrounding landscape or contrasts with the general landscape gradient, it can be presumed that
land management practices on that parcel, not climate, soils, or topography, are primarily respon-
sible. These specific parcels can then be the focus of best management practices, field examination,
and data collection.

13.2.4 RANGELAND FUEL LOAD ASSESSMENT

Knowledge of the spatial distribution of fuels is critical when characterizing susceptibility of land-
scapes to wildfire and for estimating expected fire behavior (Arroyo et al., 2008). In the simplest
terms the susceptibility of a rangeland landscape to wildfire is a function of expected fire weather,
topography, probability of ignition, juxtaposition of the landscape, and fuel bed characteristics.
Many rangelands are dominated by small diameter fuel components, which respond very quickly to
environmental conditions such as heating, relative humidity and precipitation (Cheney and Sullivan,
1997). In addition, the high surface area to volume ratio, high packing ratios and small sizes make
rangeland fuels characteristically prone to ignition and very high rates of spread. For example,
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under extreme fire weather conditions, grassland fires can exceed 28 km hr~! making rangeland fires
unpredictable. The temporal and spatial variability of fuels add to this uncertainty.

Productivity of rangeland varies much more on an inter-annual, proportional basis than that of for-
ests (Zhou et al., 2020; Hadian et al., 2019; Briggs and Knapp, 1995; Le Houerou and Hoste, 1977,
Teague et al., 2008; Zhang et al., 2010). As a result, the fuel bed properties associated fire behavior char-
acteristics and potential risk can change commensurately. In addition, rangelands are the most extensive
kind of land cover, occupying nearly 33% of ice-free land globally (Ellis and Ramankutty, 2008). In
the coterminous U.S.A. alone there is an estimated 268 million ha that often occur across large, open,
remote expanses prone to high and gusty winds. The high variability and large areas inherent in range-
land systems suggest that regular monitoring is needed for properly addressing the fire danger situation.

Regular monitoring of fuels is needed for both strategic (Kaloudis et al., 2005) and tactical pur-
poses (Reeves et al., 2009). Strategic assessment involves planning and resource allocation model-
ing. In contrast, tactical uses of wildland fuel data involve specific fire behavior projections and
assessment for determining things such as arrival time, risks to resources, and suppression tactics.

A complete evaluation of wildland fuels requires accounting for all fuel bed characteristics includ-
ing such components as fuel bed depth, vegetation structure and species composition, litter, fuel mois-
ture, fuel quantity of various size classes (Sharifi and Felegari, 2023; Gokalp et al., 2017; Anderson,
1982; Scott and Burgan, 2005; Ottmar et al., 2007; Sandberg et al., 2001). The diameters of the fuel
particles can be classified based on their time lag. Larger diameter fuels have longer time-lags because
they respond more slowly to changes in environmental conditions. The time lag categories most often
used for fire behavior and danger assessment include lhr, 10hr, 100hr, and 1000hr corresponding to
diameter ranges of 0—0.635 cm, 0.635-2.54 cm, 2.54—7.62 cm, and 7.62-20.32 cm, respectively.
These fuel bed components are most strongly influenced by the kinds and amounts of vegetation. The
pressing need for timely information, dynamic nature of rangeland vegetation and fuels, and paucity
of plot data suggest that remote sensing can play a significant role in the evaluation of rangeland fuels.

Remote sensing has long been used to evaluate vegetation conditions at spatial scales and spatial
resolutions varying from plot level evaluation (Blumenthal et al., 2007) to global assessment at 8 km?.
Mere vegetation classification, however, is generally not sufficient for quantifying fuel conditions. As a
result, many approaches have been derived for using remote sensing to evaluate wildland fuels (Riafio
et al., 2002; Riafio et al., 2003; Rollins, 2009; Reeves et al., 2009; Arroyo et al., 2008). Most methods
for quantifying fuels across the landscape involve a combination of remote sensing techniques (e.g.,
spectral analysis for species composition, structure and production; LiDAR for vegetation structure)
and modeling or expert systems (Keane and Reeves, 2011). Use of satellite remote sensing for captur-
ing temporal dynamics of fuel bed properties is usually most successful for characterizing the her-
baceous biomass response. These biomass estimates can subsequently be converted to fuel loadings
(I-hour time lag category). With woody vegetation the situation is more complicated and quantifying
fuels can be accomplished by first determining vegetation structure (height and cover) (e.g., McCord
and Pilliod, 2022; Eddy et al., 2017; Gokalp et al., 2017, Chopping et al., 2006; Vierling et al., 2012).
Yet another method is to first determine stand structure (stand cover and height) and species compo-
sition and then using allometric relationships to estimate individual fuel components (Means et al.,
1996). Once the appropriate fuel bed attributes have been estimated it is often necessary to invoke
expert systems to crosswalk stand level fuel attributes into a fuel model depending on the intended use
of the data. This is a critical step because describing all fuel characteristics in an area is exceedingly
difficult given the extreme spatial and temporal variation of fuel bed components (Arroyo et al., 2008;
Keane, 2013). As a result, description of fuel properties relevant to fire behavior or effects is normally
based on classification schemes, which summarize large groups of fuel characteristics. These classes
are expressed as “an identifiable association of fuel elements of distinctive species, form, size arrange-
ment, and continuity that will exhibit characteristic fire behavior under defined burning conditions”
(Merrill and Alexander, 1987).

Commonly used fuel classification systems include Surface Fire Behavior Fuel Models (Sharifi
and Felegari, 2023; Zhou et al., 2020; Eddy et al., 2017; Gokalp et al., 2017; Anderson, 1982; Scott
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and Burgan, 2005) and Fuel Loading Models (Lutes et al., 2009). The reason for this is that most fire
behavior or fire affects processors such as Farsite (Lutes et al., 2009), FlamMap (Lutes et al., 2009),
Behave (Andrews and Bevins, 2003) and Promethius (Lutes et al., 2009) require stylized fuel mod-
els or standardized classifications of fuel components. In the United States, many decision support
systems and tactical evaluations utilize FarSite and Flammap which generally require stylized fuel
models from either Anderson (1982) or Scott and Burgan (2005). Prometheus, on the other hand, is
widely used in Canada and components of it have been used in the U.S.A., Spain, Portugal, Sweden,
Argentina, Mexico, Fiji, Indonesia and Malaysia (www.nrcan.gc.ca/forests/fires/14470) to estimate
fire spread and uses fuel models from the Canadian Forest Fire Danger Rating System (CFFDRS)
(Wotton, 2009).

13.2.5 Case Stupy: USING REMOTE SENSING TO AID RANGELAND FUEL ANALYSIS

This case study focuses on the rangelands of the coterminous U.S.A. where, in places, annual
aboveground rangeland production can vary by more than 150% in extreme years. Prominent fire
decision support systems in the U.S.A. presently require the Surface Fire Behavior Fuel Models
(FBFM) (Anderson, 1982; Scott and Burgan, 2005). As a result, here we present a case study using
remote sensing to inter-annually quantify 1-hour time lag fuels for informing mapping processes
designed to predict surface FBFMs for all coterminous U.S.A (Figure 13.4).

Remote sensing of non-forest fuels
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FIGURE 13.4 Fuel flowchart.


http://www.nrcan.gc.ca/forests/fires/14470

480 Remote Sensing Handbook, Volume 111

The fine fuels of rangelands are driven primarily by grasses and forbs. Capturing these inter-
annual fuel dynamics requires a relatively high repeat cycle and reasonably good spatial resolu-
tion, both of which are inherent in the 250 m? 16-day composite MODIS Normalized Difference
Vegetation Index (NDVI) from the Moderate Resolution Imaging Spectroradiometer (MODIS).
From the 23 periods in each year from 2000 to 2012 the annual maximum NDVI was chosen to
correlate with ground observations of aboveground productivity. Since spatially explicit, consistent,
comprehensive ground data do not exist, production estimates from the Soil Survey Geographic data-
base (SSURGO; www.nrcs.usda.gov/wps/portal/nrcs/detail/soils/survey/?cid=nrcs142p2_053627)
were used as a surrogate for plot based ground data. For each soil type in the SSURGO database, the
expected annual production based on normal (mean), drought (low) and above average (high) grow-
ing conditions is available. Thus, for each soil site, represented as a soil map unit, there are three
data points representing expected annual production. Annual maximum NDVI, gridded annual
precipitation from the PRSIM project, and the Biophysical Settings (BPS) data layer were used to
develop a model for predicting annual production and, ultimately, 1-hr time lag fuels through time.
For precipitation, the maximum, minimum, and mean annual total precipitation from 2000 to 2012
was selected to correspond with the high, mean and low productivity for each BPS type. Likewise,
the maximum, minimum, and mean annual maximum from 2000 to 2012 was also selected to cor-
respond with the rangeland productivity from the SSURGO soil types. For each BPS type, the range
of annual production, range of annual precipitation, and annual maximum NDVI was spatially aver-
aged. For example, average mean annual maximum NDVI, annual summation of precipitation and
rangeland productivity were averaged for all shortgrass prairie BPS. The annual productivity model
resulted in a simple combination of these predictors and their interactions as

AnnualProduction = (Y int) + (Precip,,qm * 0.141) +
(NDVI *3.0056) + BPS + (Precip,,pqm ¥ BPS * —0.1138) +
(NDVI * BPS * —1.2961)

annmax

annmax

where AnnualProduction is the estimated annual production of rangeland biomass, Precip,, cm 18
the annual sum of precipitation for a BPS unit and the NDVI, ... is the average annual maximum
NDVI. This model resulted in an R? value of 0.94, a bias estimate of 1.43, and a mean absolute error
(MAE) of 164 kg ha™"

This relationship between NDVI, precipitation and site specific (BPS) coefficients enabled esti-
mates of rangeland annual production from 2000 to 2012.

After quantifying annual production, estimates of standing dead residue (“holdover”), which
add considerably to the total fuel load on a rangeland site, were estimated. This was accomplished
using a simple decay function represented in Figure 13.4. As a result, for a given year, the total 1-hr
fuel load can be described as function of the following form f(annual production + holdover , +
holdover ,,, holdover ;). These fine fuel loads were combined with estimates of 10- and 100-hour
time lag fuels of the woody components (e.g., shrubs) of each stand. This was accomplished by
combining the cover, height, and species composition from the LANDFIRE project, and quantify-
ing woody biomass and 10- and 100-hour time lag fuels using allometric equations from Means et
al. (1996) (Figure 13.4). Once the full suite of fuel characteristics were known, surface FBFMs from
the Scott and Burgan (2005) suite were estimated for average fuel conditions and then modulated
through time based on the inter-annual change in 1-hour time lag fuel loads (Figure 13.5). Figure
13.5 demonstrates how remote sensing is used with climate and site characteristics to estimate
1-hr time lag fuels every year. In addition in Figure 13.5, the amount of deviation (as a percent of
the 12-year average) in 2000, 2005 and 2011 are shown for the southwestern Ecological Province
(Bailey and Hogg, 1986). Finally, the resulting change in the distribution of surface FBFMs can be
seen in panel C for all three years presented. Note the large increase in 1-hr time lag fuels in 2005
in the Southwestern Ecoregion. This corresponds to a large increase in rainfall and a strong NDVI
signal resulting in very high biomass and subsequent changes to surface FBFMs suggesting much
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greater flame lengths and spread rates (the GR1 is reduced and GR2 is substantially increased). As
an example, under the identical environmental parameters with an open wind speed of 24 km hr™!,
a GR2 surface FBFM results in a spread rate of 9 times greater than a GR1.

This brief case study demonstrates a method for using high temporal resolution satellite remote
sensing for quantifying fuels in rangeland landscapes. The important characteristics of a sensor for
characterizing fine fuels across large landscapes in a timely manner suggest satellites with relatively
high repeat frequencies and appropriate spectral channels for modeling changes in aboveground
biomass. Application of the methods outlined here are limited to regions where sufficient numbers
of spatially explicit measures (or estimates as in the present work) of biomass or fuels are available.

13.3 RANGELAND VEGETATION CHARACTERIZATION

13.3.1 RANGELAND BIODIVERSITY AND GAP ANALYSIS

Rangeland biological diversity (biodiversity) refers to the variety and variability among living
organisms and the environments in which they occur and is recognized at species, ecosystem
and landscape level (Al-bukhari et al., 2018; Eddy et al., 2017, Gokalp et al., 2017). The goal of
biodiversity conservation is to reverse the processes of biotic impoverishment at each of these
levels of organization. Gap analysis provides a quick overview of the distribution and conserva-
tion status of several components of biodiversity (Scott et al., 1993). Gap Analysis is the process
by which the distribution of species and vegetation types are compared with the distribution of
different land management and land ownership classifications. It seeks to identify gaps (veg-
etation types and species that are not represented in the network of biodiversity management)
that may be filled through establishment of changes in land management practices (Scott et al.,
1993). The goal here is to ensure that all ecosystems and areas rich in species diversity are rep-
resented adequately in biodiversity management areas. Gap Analysis uses vegetation types and
vertebrates as indicators of biodiversity. Maps of existing vegetation are prepared from satellite
imagery and other sources and entered into a geographic information system (GIS). Because the
mapping is carried on a regional scale, the smallest area identified on vegetation maps is gener-
ally 100 ha. Vegetation maps are verified through field checks and aerial photographs. Predicted
species distributions are based on existing range maps and other distributional data, combined
with information on the habitat of each species. Distribution maps for individual species are
overlaid in the GIS to produce maps of species richness. An additional GIS layer of land own-
ership and management status allows identification of gaps in the representation of vegetation
types and centers of species richness in biodiversity management areas through a comparison
of the vegetation and species richness maps with ownership and management status maps. Gap
Analysis is a powerful and efficient first step towards setting land management priorities. It
provides focus, direction, and accountability for conservation efforts. Areas identified as impor-
tant through Gap Analysis can then be examined more closely for their biological qualities and
management needs (Scott et al., 1993).

13.3.2 Caste Stupy: VEGETATION CONTINUOUS FIELDS WITH REGRESSION TREES

13.3.2.1 Introduction

The sagebrush ecosystem is an important and distinguishing natural system of the U.S. Intermountain
West. However, an estimated 40% of its pre-European settlement distribution has been reduced due
to conversion to agriculture, urban/suburban growth, energy development, invasion by exotic plants,
and encroachment by woodlands among others (Wisdom et al., 2005). The sagebrush ecosystem is
an example of many other globally distributed natural systems that have been impacted by similar
disturbances. Monitoring land cover change, across vast landscapes, in an efficient manner is touted
by many to be a significant strength of digital remote sensing. The holistic view of remotely sensed
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data allows us to evaluate landscapes in their entirety. Traditional, field-based, monitoring sys-
tems are limited to specific locations whose characteristics are then extrapolated across the entire
landscape. The number of field-based samples required to characterize landscapes with statistical
certainty is often cost prohibitive and in some cases impossible to acquire due to access restrictions.
The temporally systematic, landscape level monitoring that remote sensing offers coupled with
modern statistical modeling approaches can provide land managers with much of the information
necessary for effective planning and management.

Traditional image interpretation techniques that convert digital remote sensing data into dis-
crete land cover maps have been used to monitor landscapes (Jin et al., 2013; Vogelmann et al.,
2012). These techniques rely on the ability to accurately classify and map vegetation types at
multiple time intervals to determine how change has occurred at the vegetation community level.
A limitation of this technique is the assumption that adjacent vegetation community types have
discrete boundaries (sharp ecotones) and that variation within the community is typically ignored.
The reality is that sharp ecotones between community types, while they exist, are typically not
the norm. Further, the spatial variation of vegetation cover within a mapped community type is
often an important diagnostic of community condition. In traditional classification of imagery, this
information is lost.

This case study describes the use of digital remote sensing data coupled with field-based mea-
surements and advanced statistical modeling techniques to map vegetation continuous fields (VCF)
in the sagebrush ecosystem. Vegetation Continuous Fields (VCF) is a relatively new concept that
attempts to model percent canopy cover of specific vegetation types using remotely sensed imagery
as its primary input. This technique has been used to estimate canopy cover of woody and herba-
ceous vegetation, as well as bare ground, on a global basis (De Cauwer et al., 2024; McCord and
Pilliod, 2022; Defries et al., 2000; Sexton et al., 2013). A series of VCFs consist of several continu-
ous response surfaces (one for each cover type) in which every pixel value corresponds to a percent
canopy cover estimate predicted through a regression model. The VCF offers an advantage over tra-
ditional discrete classifications because areas of heterogeneity within vegetation community types
are better represented (Hansen et al., 2002).

The objectives of the case study were to: (a) Test the effectiveness of a regression tree algo-
rithm (Random Forest) to model estimates of percent cover, and (b) Develop a series of Vegetation
Continuous Fields models for shrubs, woodland, herbaceous vegetation and bare ground for a semi-
arid shrub-steppe landscape.

13.3.2.2 Methods
13.3.2.2.1 Study Area

Our research was conducted in the northwest corner of Box Elder County, Utah (114°2'31. 2" —
112°43'40. 8” West longitude and 41°6" 27. 36”"-41°59" 59. 64” North latitude) depicted in Figures
13.6 and 13.7. The area covers 1,742,860 ha, with approximately 60% of the county occupied by the
Great Salt Lake and barren playa bottoms. Of the remaining area, salt desert scrub occupies about
one fifth of the area while big sagebrush shrubland and steppe covers nearly the same amount (19%).
Pinyon-juniper ecosystems are an important part of the landscape making up 12% of the area. The
remainder consists of greasewood flats, montane sagebrush steppe, xeric mixed sagebrush shrubland
and invasive annual grasslands (Program, 2004). The elevation ranges from 1,278 m in the lowlands
close to the Great Salt Lake to 3,027 m at the peak of the Raft River range. The mean elevation is
1,520 m.

13.3.2.2.2  Field Data

Field-based estimates of percent canopy cover for shrubs, trees, herbaceous (grasses and forbs)
vegetation, and bare-ground were used to develop the VCF models. These data were prepared as
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FIGURE 13.6 Utah image mosaic of 2013 Landsat 8 OLI imagery with Box Elder County highlighted in red.

geo-referenced field points and obtained from different sources: (a) 482 points collected by the
South West Regional GAP (SWREGAP) project during 2001 (Lowry et al., 2007), (b) Points col-
lected by The Nature Conservancy (TNC) for the Northwest Utah Landscape modeling project in
2007 (Conservancy, 2009), and (c) Field points that we collected during a field season in 2007. In
total, 135 field observations were available for the year 2007. A fourth dataset was available from
the Utah Division of Wildlife Resources (UDWR). Figure 13.8 contains the spatial distribution of
the different datasets across the study area.

With the exception of the UDWR dataset, which are permanent sample plots and follow a stan-
dardized and quantitative data gathering method, the rest of the field points were visually assessed
(qualitative assessment) in terms of percent canopy cover for shrubs, trees, herbaceous vegetation,
and bare-ground on an area that resembled a 3 x 3 Landsat TM pixel (approximately 90 x 90 m).
Cover estimates were taken independently at four cardinal directions from the center of the plot in
the NE, SE, SW, and NW directions. These estimates were averaged to represent the entire plot.
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FIGURE 13.7 Landsat 8 OLI image mosaic (2013) of Box Elder County, Utah.
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FIGURE 13.8 Distribution of field observations to model multi-temporal CVF.

The percent cover estimates were recorded using 5% increments for each life form and bare ground
(i.e. 0%, 5%, 10%, etc.). The sum of the percent cover for shrubs, herbaceous vegetation, trees, and
bare ground totaled 100% at each point. The sampling scheme consisted of locating sites along an
elevation range that included Wyoming big sagebrush (Artemisia tridentata ssp. wyomingensis),
basin big sagebrush (Artemisia tridentata ssp. tridentata), and mountain big sagebrush (Artemisia
tridentata ssp. vaseyana) communities.
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13.3.2.2.3  Explanatory Variables: Remote Sensing and Topography
Remotely sensed images and topographic datasets were used as explanatory variables for this mod-
eling. With regards to the remotely sensed data, scenes from the Thematic Mapper (TM) sensor of
the Landsat 5 satellite, Path 39 Row 31 were obtained. Due to the underlying differences in phenol-
ogy that most vegetation types exhibit in semiarid landscapes (Bradley and Mustard, 2008), imag-
ery from multiple dates during the summer months of 2001 were acquired. Within year seasonal
imagery allowed us to capture major phenological variations that occur during the growing season.
Landsat TM imagery collection was concentrated during late spring, mid-summer and early fall.
An effort to obtain only imagery with the best quality (i.e., minimum cloud cover) was made. Three
images were selected for this study. These were collected on April 28, July 01, and October 5, 2001.

Where necessary, imagery was rectified and resampled to a common map projection UTM Zone
12 WGS 1984. Standardization of the imagery was performed by converting the raw digital num-
bers to exo-atmospheric reflectance values using an image-based atmospheric correction proce-
dure (Chavez, 1996) with the most up-to-date calibration coefficients for the Landsat TM sensor
(Chander et al., 2009).

The Soil Adjusted Vegetation Index (SAVI) was computed for each date. SAVI may be calculated

as follows:

savi—— MRZRED .. 1) (13.1)
(NIR+RED +L)

In Equation 13.1, NIR = near-infrared reflected radiant flux, RED = red reflected radiant flux, and
L = adjustment factor (typically a value of 0.5 is used).

SAVTI has been reported to work well in semiarid ecosystems because it minimizes soil back-
ground effects that are known to affect other indices such as the Normalized Difference Vegetation
Index (NDVI) (Huete, 1988; Jensen, 2007). It has been widely reported that a vegetation index such
as SAVI may be used to follow the phenological trajectory or seasonal and inter-annual change in
vegetation growth and activity (Jensen, 2007).

A new variable was created from the multi-temporal SAVI and named as NDSAVI or the nor-
malized difference SAVI. The NDSAVI takes advantage of the contrast between the spring and
the summer SAVI and may be used to improve our understanding of the phenological dynamics of
grasses on the landscape. Higher values in the NDSAVI would correspond with higher greenness
during the early spring relative to summer whereas low values of NDSAVI would relate to areas that
become green later in the growing season. This new variable conveys a multi-temporal signature of
greenness variation that may be used to discriminate among different land cover types and particu-
larly focus on non-native grasses such as cheatgrass that follows this phenological pattern. Within
this environment, this index allows us to identify areas where cheatgrass, a common and significant
invasive annual grass, is a major component of the plant community.

NDSAVI was estimated as follows:

SAVIspr—SAVIsum

(13.2)
SAVIspr+SAVIsum

The Normalized Difference Water Index (NDWI; Gao, 1996) was also calculated for each image.
NDWI takes advantage of the contrast found between the near and middle infrared bands to provide
information about water content. Forest disturbances have been successfully detected using the NDWI
(Jin and Sader, 2005), and thus it was appropriate to test its performance in our regression models. The
brightness, greenness, and wetness (BGW) transformation (Crist and Kauth, 1986) was also derived
for each image. This transformation has been used extensively to monitor condition and changes in soil
brightness, vegetation, and moisture content, respectively (Jensen, 2007; Lowry et al., 2007).

In addition to the remotely sensed information (Landsat TM spectral bands, SAVI, NDWI,
BGW), derivatives from a 30 m digital elevation model (DEM) including slope, aspect, and land-
form were obtained. Two transformations of aspect, namely southness and westness indices (Chang
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et al., 2004) and a modification to the original topographic relative moisture index TRMI (Parker,
1982) were generated. An existing land cover map from the SWRGAP project (Lowry et al., 2007)
was included as an explanatory variable. The inclusion of this type of ancillary information has been
shown to greatly improve classification and regression modeling in rangelands (Peterson, 2005).

13.3.2.2.4 Regression with Random Forests

13.3.2.2.4.1 Background Random Forests (RF) is a relatively new statistical method that
emerged from the machine learning literature, and is based on the same philosophy as CARTs (De
Cauwer et al., 2024; Arogoundade et al., 2023; Feizizadeh et al., 2023; Sharifi and Felegari, 2023;
McCord and Pilliod, 2022; Matongera et al., 2021; Zhou et al., 2020; Hadian et al., 2019; Al-bukhari
et al.,, 2018; Eddy et al., 2017; Gokalp et al., 2017). In RF, multiple bootstrapped regression trees
without pruning are created. In a typical bootstrap sample, approximately 63% of the original obser-
vations occur at least once (Cutler et al., 2007). The data that are not used in the training set are
termed “out-of-bag” observations and are customarily used to provide estimates of errors (Prasad et
al., 2006). Out-of-bag samples are also used to calculate variable importance (Cutler et al., 2007).
In RF, each tree is grown with a randomized subset of predictors, which equal the square root of the
number of variables. In general, 500 to 2000 trees are grown, and averaging aggregates the results.
The method is very effective in reducing variance and error in multi-dimensional datasets. One of
the strengths of RF is that because it grows a large number of trees, the method tends not to over-
fit the data, and because the selection of predictors is random, the bias can be kept low (Prasad et
al., 2006). More comprehensive descriptions of the method may be found in Sutton (2005), Lawler
et al. (2006), Prasad et al. (2006), and Cutler et al. (2007). The application of RF was done in two
phases. First, the best subset of variables to model each response variable: shrubs, trees, herbaceous
vegetation, and bare-ground were identified. Second, the best subset of variables identified for each
response variable was used to model the VCF for that variable.

13.3.2.2.5 Variable Importance and Parsimony

The underlying principle that the phenological pattern of a given vegetation type should dictate
which remotely sensed datasets to use (Bradley and Mustard, 2008) was followed. For example, it
is sensible to use only one scene (mid-summer for instance) to model bare ground percent cover due
to its relatively constant spectral response throughout the year. On the other hand, it makes sense
to utilize two to three images (i.e., mid-summer and early fall) to model herbaceous vegetation due
to its conspicuous phenological signature which peaks during the summer and then significantly
decreases during the fall.

In order to develop a simple yet effective model the concept of variable importance (Cutler et al.,
2007) was used. This is based on the mean decrease in accuracy concept, and is assessed based on
how much poorer the predictions would be if the data for that predictor were permuted arbitrarily.
This provides a measure of the impact that a specific variable has in decreasing the precision of
prediction. This is a somewhat subjective approach to choosing the most important variables since
thresholds of decreasing precision tend to be arbitrary. Once the most important variables are cho-
sen, the correlation coefficients between each variable are evaluated and further used to eliminate
highly correlated variables (choosing the variable that makes most ecological/spectral sense) to
arrive at a parsimonious set of predictor variables.

13.3.2.2.6  Regression

The R package RandomForest (Liaw and Wiener, 2002) was used to develop regression trees to
calculate the VCF. Regressions were run separately for each of the four response variables (i.e.,
shrubs, trees, etc.) using the selected subset of variables determined to be most important. The R
package Yalmpute (Crookston and Finley, 2008) was used to extract the model for each VCF run,
and then applied a predict function to generate a continuous geospatial response surface for the
entire study area.
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13.3.2.2.7 Validation and Comparison Metrics

For independent validation purposes, 20% of the field observations were withheld during model
development. Pearson’s correlation coefficients were calculated for each of the VCF predictions
using this withheld set of data and two metrics were further calculated: mean absolute error (MAE)
and root mean square error (RMSE). MAE is the average absolute difference of the predicted value
from the field-observed estimate, while RMSE is the square root of the mean squared error (Prasad
et al., 2006; Walton, 2008).

13.3.2.3 Results and Discussion

Table 13.4 contains the Pearson’s Correlation Coefficients (PCC), mean absolute error (MAE), and
root mean square error (RMSE). A global average of the PCC was 0.65. Our highest PCC was

TABLE 13.4

Validation Metrics between MRTS and RF

VCF Pearson’s Correlation MAE* RMSE**
Shrubs 0.72 7.81 10.00
Trees 0.52 12.56 16.69
Herbaceous 0.77 9.39 12.02
Bare ground 0.62 8.15 11.05
Average 0.65

* Mean Absolute Error
** Root Mean Square Error
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FIGURE 13.9 Percent canopy cover of shrubs as modeled using Random Forests.
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FIGURE 13.10 Percent canopy cover of bare ground as modeled using Random Forests.

for herbaceous cover at 0.77 and the lowest was for trees at 0.52. Figures 13.9 and 13.10 illustrate
samples of the VCF spatial layers generated using RF.

The use of regression trees to depict sub-pixel heterogeneity has been widely reported in the
literature. In rangeland environments, work has been conducted to model woody vegetation cover
(Danaher et al., 2004), bare ground cover (Weber et al., 2009), and shrub cover and encroach-
ment (Laliberte et al., 2004). With the exception of the MODIS global continuous vegetation maps
(Danabher et al., 2004), the preceding examples dealt with only one response variable. In this work
there were four response variables. Since a pixel is in essence an integrated multi-dimensional spec-
tral response of vegetation, bare ground and other features, it makes sense to attempt to decompose
that response to understand the land cover dynamics of a given pixel in relation to the surrounding
landscape.

With regards to the ease of understanding, RF has been frequently described as a “black box”
(Prasad et al., 2006) because the individual trees cannot be examined separately due to the sheer
number of trees that may be generated. This can limit the ability of an analyst to understand the
underlying dynamics of the resulting model. Random Forests does provide metrics to aid in inter-
pretation. One metric is variable importance, which can be used to compare relative importance
among predictor variables. Such a feature is not available in other regression tree tools and therefore
the importance of variables must be determined with a careful data mining process.

13.3.2.4 Implications

The development of a multi-temporal collection of VCF may be used to update information about
the status or condition of a particular ecological site as well as characterizing the states and transi-
tions for that site. For instance, a specific spatial unit of an ecological site may be characterized in
terms of its occupancy by shrubs, grasses, trees, and bare ground using modeled VCF. Knowledge
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about the relative dominance of these life forms in a particular unit may shed light about its current
condition relative to a reference condition. The VCF process may provide knowledge about usage
of the ground by major life forms and bare ground and in this way pinpoint areas that are diverging
from a desired condition.

13.4 RANGELAND CHANGE DETECTION ANALYSIS

13.4.1 RANGELAND INDICATORS

Numerous landscape metrics have been developed to characterize the patterns and configurations
of different land cover types in a landscape. Categorical maps generated from remote sensing data
can then be used for landscape characterization to better understand spatial arrangements between
different cover classes, particularly forest fragments (Read and Lam, 2002). These spatial arrange-
ments are expressed numerically in the form of landscape indices or pattern metrics and have been
used in many studies to assess land cover change and its impact, ecosystem health, or as variables
for models that support environmental assessment and planning efforts (e.g., Botequilha Leitdo and
Ahern, 2002; Fuller, 2001; Gergel, 2005; Griffith et al., 2000; Liu and Cameron, 2001).

More than 100 pattern metrics can be computed using freeware such as FRAGSTAT (McGarigal
and Marks, 1995), Patch Metrics (Rempel et al., 1999) and others (Crews-Meyer, 2002; Cumming
and Vervier, 2002; Stanfield et al., 2002). However, many pattern metrics are highly correlated
(Cain et al., 1997; Riitters et al., 1995). Efforts have been made to identify a minimum set of pat-
tern metrics that describe landscape patterns adequately. Multivariate data analysis using principal
component analysis (PCA) and factor analysis (FA) are the most commonly used methods to reduce
pattern metrics data (Griffith et al., 2000; Honnay et al., 2003; McAlpine and Eyre, 2002; Stanfield
et al., 2002). These methods identify a small number of components, which are then interpreted in
terms of their dominant characteristics and underlying causes (Griffith et al., 2000). Multivariate
data analysis requires large datasets and several landscape units to be statistically consistent (e.g.,
Cumming and Vervier, 2002; Schmitz et al., 2003). A few empirical landscape studies apply pat-
tern analysis to only one landscape (e.g., Griffith et al., 2000) and are useful because they tackle
problems at relevant scales, but the validity of making statistical inferences with such an approach
is seriously compromised (Li and Wu, 2004). Gustafson (1998) overcame this by generating artifi-
cial landscapes (called neutral models), but the technique was difficult to relate to pattern metrics
in real landscapes (Li and Wu, 2004). Therefore, the behavior of pattern metrics in real landscapes
over time needs further investigation (Griffith et al., 2003). Irrespective of the landscape unit used,
pattern metrics require rigorous validation in order to be interpreted and applied with confidence
(McAlpine and Eyre, 2002).

13.4.2 PATTERN METRICS TO MEASURE LANDSCAPE ATTRIBUTES

Area: Area distribution pattern metrics include basic attributes of the landscape such as the number of
patches (NVP) and the total area (CA) of all class patches, expressed in hectares. Mean patch size (AREA_
MN in ha) is an intuitive index for measuring aggregation and is particularly suitable for categorical maps
(Matongera et al., 2021; Zhou et al., 2020). Other measures are the standard deviation of the mean patch
size (AREA_SD in ha) and the coefficient of variation (AREA_CV in %), determined by Equation 13.3.

AREA _SD
AREA _MN
AREA _CV indicates patch area distribution by determining the difference among patches within
one landscape class. Lower values indicate a more uniform class distribution (Batistella et al., 2003;

McAlpine and Eyre, 2002), that is if a landscape class is dominated by big patches both AREA _SD
and AREA _CV values are large. All of these pattern metrics assign equal weights to each patch. For

AREA_CV = *100 (13.3)
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measuring landscape resistance to fragmentation, large forest patches are most important (Batistella
et al., 2003), therefore metrics such as largest patch index (LPI) are useful. LPI is equal to the per-
cent of the total landscape made up by the largest patch (McAlpine and Eyre, 2002).

Edge: Total edge (TE) refers to the length of edge that exists at the interface between land classes
(McGarigal and Marks, 1995) while mean patch edge (MPE) indicates the amount of edge per patch
(Equation 13.4).

MPE =TE/ NP (13.4)

Patch Shape Complexity: Mean perimeter—area ratio (PAR_MN) is a simple index of patch
shape complexity, computed as the mean ratio between patch perimeter and area; it describes the
amount of edge per unit area of landscape unit (such as forest) (McGarigal and Marks, 1995). Since
the simple ratio is usually affected by patch size, a modified perimeter—area ratio called Landscape
index (LSI), implied as shape of landscape, is computed using Equation 13.5.

LSI:Perimeter/2(area*7r) (13.5)

Higher LSI values indicate higher complexity (McAlpine and Eyre, 2002). Because LSI is influ-
enced both by shape complexity and number of patches (NP), preference is sometimes given to the
mean shape index (SHAPE_MN) or the area-weighted mean shape index (SHAPE_AM), which
weights larger patches more heavily than smaller patches (Batistella et al., 2003).

Fractal dimension (FRAC) has equally been used to describe patch shape complexity across a
range of spatial scales (patch sizes). This overcomes one of the major limitations of the perimeter—
area ratio as a measure of shape complexity. The value of FRAC ranges between 1 and 2 and is
computed as:

FRAC =2log P/log A (13.6)

where P is the perimeter and A is the area of the patch. Fractal dimension approaches 1 for shapes
with very simple perimeters such as squares, and approaches 2 for shapes with highly complex
perimeters (Read and Lam, 2002). Mean patch fractal dimension (FRAC_MN) and the area-
weighted mean patch fractal dimension (FRAC_AW) are derived measures of shape complexity,
interpreted similarly to FRAC with the addition of an individual patch area weighting applied to
each patch in the case of FRAC_AW (McGarigal and Marks, 1995).

Interior-to-edge (core area): Core area (CA) represents the area of patch greater than a speci-
fied depth-of-edge distance from the perimeter. It is determined by defining a vanishing distance as
the distance from a patch boundary inward, to a point where edge effects are eliminated (Baskent
and Jordan, 1995). The higher the ratio between the core area and the total area, the lesser the
degree of fragmentation (Batistella et al., 2003; Tang et al., 2005). The vanishing distance is arbi-
trarily set. The number of core areas (NCA) is the number of distinct core areas contained within
a patch boundary. Total core area (T'CA) is the same as CA except that core area is aggregated
(summed) over all patches, approaching CA as patch shapes are simplified. Core area distribution in
the landscape is measured using the parameters mean core area per patch (ha) (CORE_MN), patch
core area standard deviation (CORE_SD) and patch core area coefficient of variation (CORE_CV).

Isolation: The distance of patch to its nearest neighbor measures the degree of isolation of that
patch. Averaging this distance for all individual land cover classes or patches in a landscape gives
the mean nearest neighbor distance (ENN_MN). Mean proximity index (PROX_MN) is also com-
puted (Equation 13.7) and is a measure of isolation and fragmentation:

N i
22

PROX_MN = Z Tj (13.7)
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where a;; is the area of patch ij in the neighborhood of patch i, h; the distance between patch i and
patch ij, N is the number of patches and m’ is the number of patches in the neighborhood of patch
i. This index allows comparison among landscapes of any size, as long as the search buffer around
each patch is the same (Gustafson and Parker, 1992).

Contagion/Interspersion: Contagion (CONTAG) provides an effective summary of overall
clumpiness of categorical data where lower values indicate fragmentation of larger patches into
smaller patches, that is the patch types are maximally disaggregated and interspersed (equal pro-
portions of all pairwise adjacencies) (Equation 13.8):

ZTIZZ’I(PJ[ S ]*m(e)[ Bt

CONTAG = 1+ Sk klgikJ (100) (13.8)

21n(m)

where P, is the proportion of the landscape occupied by path type (class) i, g, is the number of adjacen-
cies (joins) between pixels of patch types (classes) i and k based on the double-count method, and m is
the number of patch types (classes) present in the landscape, including the landscape border if present.

Aggregation index (Al) is calculated from an adjacency matrix at the class level, Al equals 0
when the patch types are maximally disaggregated. SPLIT and MESH are two subdivision metrics
computed as isolation measures (McGarigal and Marks, 1995). The interspersion and juxtaposition
index (1JI), a configuration metric, is a measure of relative interspersion of each class at class level
and each patch at landscape level (Crews-Meyer, 2002; McAlpine and Eyre, 2002). IJI approaches
100 when all patch types are equally adjacent to all other patch types, and as the distribution of class
types depart from evenness, the IJI approaches 0 (Equation 13.9).

= TR (100) (13.9)
In(0.5m(m-1))

where e, is total length (m) of edge in the landscape between patch types (classes) i and k, E is total
length (m) of edge in the landscape, excluding background, and m is the number of patch types
(classes) present in the landscape, including the landscape border, if present.

Spatial heterogeneity: Spatial diversity representing the extent to which all patches are equally
adjacent to each other, number of different land cover classes, and interspersion metrics determine
the spatial arrangements of land cover classes (Trani and Giles, 1999). Patch richness (PR) is a
simple metric equal to the number of different patch types present within the landscape boundary.
Shannon’s diversity index (SHDI) assesses the diversity of patches, and the extent to which one
or a few patch types dominate the landscape (McAlpine and Eyre, 2002). SHDI starts at zero and
increases without limit and is more sensitive to the number of patch types than evenness. SHDI is
given by Equation 13.10 (Read and Lam, 2002):

SHDI = " (P*InF;) (13.10)
i=1

where P, is the proportion of landscape occupied by patch type (class) i, and m is the number of
patch types (classes) present in the landscape, excluding the landscape border, if present.

The Shannon’s evenness index (SHEI) is expressed such that an even distribution of area among
patch types results in maximum evenness (Equation 13.11):

> (B HnR)

Inm

SHEI =— (13.11)
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SHEI varies between 0 and 1, and the highest value is reached when the distribution among patch
types is perfectly even (Wickham and Rhtters, 1995). The modified Simpson’s diversity (MSIDI) is
similar to the SHEI (Equation 13.12):

MSIDI=-1ny." (P?) (13.12)

i

where P; is the proportion of the landscape occupied by patch type (class) i. Diversity metrics rep-
resent landscape composition in terms of the relative proportions of each patch types (evenness),
together with the number of patch types (richness). Detailed information on these indices and their
computation can be found in Wickham and Rhtters (1995).

Ludwig et al. (2004) Monitored ecological indicators of rangeland functional integrity and their
relation to biodiversity at local to regional scales. Functional integrity is the intactness of soil and
native vegetation patterns and the processes that maintain these patterns. The integrity of these
patterns and processes has been modified by clearing, grazing and fire. Intuitively, biodiversity
should be strongly related to functional integrity. Ludwig et al. (2004), based on published work
on Australian rangelands, identified several indicators of landscape functional integrity at finer
patch and hillslope scales. These indicators, based on the quantity and quality of vegetation patches
and inter patch zones, are related to biodiversity. These vegetation-cover and bare-soil patches can
be measured using remote-sensing data at various resolutions depending on specific rangeland
areas. De Cauwer et al. (2024) used Landsat MSS for prevailing dry periods before the major
rainfall events and about six weeks after them when vegetation growth had peaked for the assess-
ment of biodiversity condition in a rangelands in central Australia. They computed Contagion and
Interspersion scores for land systems and vegetation types. The Contagion and Interspersion values,
as indices of the spatial arrangement of patches in the landscape, indicated the extent to which both
water development and land degradation associated with pastoralism had fragmented habitat types.
Non-degraded and water-remote patches of pastorally more productive land systems or vegetation
types were more dispersed and more fragmented relative to their original state, than for patches of
pastorally less productive land systems or vegetation types.

13.4.2.1 Resilience

Ecological resilience is defined as the degree, manner, and pace of the restoration of vegetation attributes
after a disturbance (Westman, 1985). Ecological resilience and its characteristics have been quantified
statistically in ecosystem simulations (O’Neill, 1976; Westman and O’Leary, 1986), plant community
field studies (Westman and O’Leary, 1986), and regional analyses of land degradation (Wessels et al.,
2004, 2007). O’Neill (1976) simulated energy flow through a three-compartment (autotrophs, hetero-
trophs, and detrivores) model for six different biomes to test their ability to recover from a 10% reduction
in plant biomass over a 25-year period. A recovery index, that is, a measure of the amount of deviation
from a reference equilibrium value or initial state after a disturbance (a measure of malleability), was
computed for each year over the 25-year period. The mean malleability of each biome for this period
was interpreted to indicate which biomes were least and most resistant to disturbance (O’Neill, 1976).
Westman and O’Leary (1986) developed four measures of ecological resilience: elasticity, that is, the
rate of recovery from a disturbance; amplitude, that is, the threshold beyond which recovery to a previ-
ous reference state no longer occurs; damping, that is, the extent and duration of an ecosystem param-
eter following disturbance, and malleability. These were used to estimate the responses of various plant
functional types within a coastal sage scrub plant community at 5—6 years after fire using field data and
for 200 years after fire using a simulation model. Wessels et al. (2004, 2007) used an inter-annual time
series of AVHRR- and Moderate Resolution Imaging Spectroradiometer (MODIS)-derived NDVI (or
ANPP) from 1985 to 2005 to examine the resilience of a landscape in northeastern South Africa that
had been subject to both overpopulation and apparent overgrazing by the forced settlement of pasto-
ralists into “homelands” during the apartheid era from 1910 to 1994. A spatially aggregated approach
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was used in which the mean annual YNDVI for the period of 1985-2005 was compared between non-
degraded benchmark areas and degraded areas within the homelands as

non —degraded ZND VI —degraded ZND VI

RDI or PD =
non—degraded ZNDVI

x100 (13.13)

where RDI is the relative degradation index or the percent difference (PD) between the mean NDVIs
of non-degraded and degraded sites (Wessels et al., 2004, 2007). Wessels et al. (2004, 2007) found
that these paired sites were significantly different from each other and that degraded sites had signifi-
cantly lower mean annual NDVI than did non-degraded sites. Also, there was no indication of recovery
(malleability) of degraded sites toward the mean conditions of non-degraded sites from the end of the
apartheid era in 1994 to 2005 (Wessels et al., 2004, 2007). This provided evidence in support of the
hypothesis that the observed migrations of former rural homeland populations to jobs in major urban
centers, such as Johannesburg and Durban, were due in part to environmental degradation of the home-
lands. However, at the coarse resolution of MODIS (0.25 km?) and AVHRR (1 km?2), it was observed
that finer-scale phenomena at the community and species levels were masked or averaged out (Wessels
et al.,, 2007). A number of scaling studies in drylands suggest characteristic length scales for vegetation
and bare soil patches of approximately 1-100 m; these scales are probably not amenable to analysis
using spatially coarse-resolution sensors such as MODIS or AVHRR (Hudak and Wessman, 1998;
Rietkerk et al., 2004). To account for this disparity, Wessels et al. (2007) suggested a staged remote
sensing approach to monitoring at regional and national scales in which both coarse-resolution sensors
such as MODIS are used in conjunction with relatively finer-resolution datasets such as Landsat.

13.4.3 CHANGE DETECTION METHODS

It is important to monitor and understand change in rangelands so that effective action can be taken to
maintain ecological, economic and social values. Both seasonal conditions and grazing management
play arole in vegetation dynamics on pastoral areas. For example, De Cauwer et al. (2024) determined
the effect of seasonal spectral variability on vegetation and land cover classification of Landsat TM
by comparing accuracies in different seasons in a mid-latitudinal (29°30’'—31°0’S) region with sum-
mer and winter rainfall, a broad altitudinal range, a temperate to subtropical climate and diverse land
uses (e.g., summer and winter crops, and nature conservation). By comparing the observed changes
with those expected under the prevailing seasonal conditions and by investigating the response of
species known to be adversely or positively affected by livestock grazing, it was possible to con-
clude that at least some of the positive changes observed could be attributed to the type of grazing
management, rather than seasonal conditions alone. In a similar study, De Cauwer et al. (2024) used
three-date composite land cover maps through a process called referential refinement and aggregation
for understanding the level of land exploitation (extensive vs intensive) activities carried out in the
region. Landscape-scale monitoring is important for providing regional to national-scale intelligence
on habitat quality and trends in threats to or drivers of biodiversity, with data obtained using system-
atic ground-based and remote methods. Landscape-scale monitoring is typically based on remotely
obtained or extrapolated data that can be mapped, and use temporal scales appropriate to the indicator
(Ludwig et al., 2004). The advantage of landscape-scale monitoring is that it is often relatively cheap
to undertake over space and time and provides a broader context for national reporting.

There are a variety of opinions and suggestions about the selection of the most effective and
appropriate techniques for change detection studies (Lu et al., 2004). Therefore, it is difficult to
specify which change detection algorithm will suit a specific problem. A review of different change
detection techniques used in previous research would be of great help in selecting methods to aid
in producing good quality change detection results. For any change detection project, the following
conditions must be satisfied (Lu et al., 2004): (1) accurate and precise registration between multi-
temporal images; (2) precise radiometric and atmospheric normalization between multi-temporal
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images; (3) similar phenological or seasonal conditions between multi-temporal images; and (4) selec-
tion of the same spatial and spectral resolution images if possible.

The aim of change detection studies is to compare the spatial representation of two points in time
by controlling all variance caused by differences in variables that are not of interest and to measure
changes caused by differences in the variables of interest (Green et al., 1994). Since there are many
change detection techniques that can be used in one study, the selection of the most suitable method
for a given project is not easy since different approaches, with the same environmental conditions,
produce different results (Coppin et al., 2004).

13.4.3.1 Classification Based Change Detection

Broadly, image classification is a process of drawing meaningful information by differentiation and
extraction of different classes or types (e.g., land use types, vegetation species) from remote sensing
data through a number of image processing procedures including image pre-processing. Image is
classified either using traditional methods or improved or modified techniques.

The classification group of change detection techniques includes supervised and unsupervised
classification followed by post-classification comparison of results of change/no-change identifi-
cation. The aim of these methods is to produce high quality, accurate classification results from
remote sensing data through the use of adequate numbers of accurate training sample data, to
produce accurate change results after comparison. However, the selection of sufficient numbers
of high quality training samples to truly represent each land use/land cover class is laborious and
time consuming and requires a thorough knowledge of the study area in order to obtain high qual-
ity classification results. The situation is more difficult in the classification of historical data when
there is no or insufficient ground or area information, making accurate classification a challenge
and often leading to unsatisfactory change detection results (Lu et al., 2004). The change detection
results are often represented in the form of matrix showing land use/land cover dynamics of pixel
changes from one class to another, providing a detailed description of changes over a specified
period of time and minimizing the effect of atmospheric and environment difference between the
multi-date images. A detailed review of quality assessment of different image classification algo-
rithms for land cover mapping and accuracy assessment has been summarized by Arogoundade
et al., (2023) and Feizizadeh et al., 2023. These techniques have been used by many researches in
different types of land cover change detection analysis with good results (e.g., Xiuwan, 2002; Petit
and Lambin, 2002; Li and Zhou, 2009).

Among traditional methods of classifying remote sensing data, unsupervised and supervised
techniques are the most commonly used algorithms. ISODATA clustering and K-means methods
are mainly used in unsupervised techniques while the Maximum Likelihood Classification (MLC)
and Minimum Distance to Mean (MDM) are commonly applied techniques in supervised methods
since the beginning of digital image feature extraction using statistical software. Unsupervised
approaches, such as ISODATA clustering and K-means algorithms, are easy to apply for thematic
mapping of landcover or vegetation classification using statistical software packages (Hadian et al.,
2019 and Al-bukhari et al., 2018) based on iterative learning of remote sensing data defined by the
user. In this classification approach, an arbitrary initial cluster vector is assigned first, based on
which each pixel is classified as closest to that cluster value. Finally, based on all the pixels present
in one cluster, the new cluster mean vector is calculated and the process is repeated until the gap
between the iterations becomes smaller than the threshold value (Xie et al., 2008). This method
does not require any prior knowledge of the area or theme being studied (Tso and Olsen, 2005) and
classifies the image based on natural grouping or spectrally homogenous thematic classes using
spectral values of each pixel. The analyst then assigns the spectral classes into thematic information
classes of interest (Jensen, 2005). It has the benefit of automatically converting the raw image data
into useful information so long as higher accuracy is achieved (Tso and Olsen, 2005). However,
since each pixel is treated as spatially independent, a traditional unsupervised classification based
on spectral data alone results in poor accuracy. To overcome this, Tso and Olsen (2005) introduced
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Hidden Markov Model (HMM) as a fundamental framework to incorporate both the spectral and
contextual information for unsupervised classification and achieved higher classification accuracies.

In supervised classification, a prior knowledge about some cover types are obtained in advance
through a combination of field work, aerial photo interpretation, existing maps and other sources.
Based on this, the analyst attempts to locate specific sites (class representation) for these cover
classes in remote sensing data. These sites are called training sites and used to train the classification
algorithm based on spectral characteristics of each site to classify the rest of the image. Statistical
parameters such as mean, standard deviation, covariance matrices, correlation matrices etc. are
computed for each training site, based on these statistics, every pixel is then evaluated and assigned
to a class of which it has the highest likelihood of being a member of (Jensen, 2005). Various super-
vised classification algorithms such as Parallelpiped (PAR), Minimum Distance (MID), Nearest
Neighborhood (NN), and Maximum Likelihood (MLC) may be used to assign an unknown pixel
to one of the possible classes; therefore the choice of a particular classifier or decision rule depends
on the nature of input data and desired output (Jensen, 2005). MLC is considered to be classic and
most widely used supervised classification technique, applied by many researchers in different stud-
ies for satellite image classification (Laba et al., 1997; Langford and Bell, 1997; Rogan et al., 2002;
Xiuwan, 2002; Abdulaziz et al., 2009). In rangeland studies, Abdulaziz et al. (2009) evaluated the
potential of multispectral Landsat images (MSS and TM) and applied MLC to classify vegetation
cover in the degraded land of MuUs sandy land in China. Torahi (2012), in monitoring range-
land dynamics between 1990-2006, used MLC for classifying TM and ASTER data and generated
detailed rangeland maps and also separated grazing intensity levels in rangelands.

However, in complex areas, the assumption of MLC that data follow Gaussian distribution is not
always applicable, resulting in less satisfactory results. Strahler (1980) demonstrated the effective use
of modified prior probabilities into MLC to improve image classification. In addition to MLC alone,
there are studies conducted by researchers using a combination of other supervised classification algo-
rithms, for example Miller et al. (1998) applied parallelepiped technique to classify water, open land,
clouds and cloud shadows, assuming them as discrete classes in spectral space, while other forest
classes were classified using MLC in landcover change study in Northern Forest of New England.
Xiuwan (2002) compared several classification methods such as PAR, MID, Mahalanobis Distance
(MAD), MLC, ISODATA and a method combining an unsupervised algorithm and training data
(CUT) to develop a new classification method and suitable change detection technique for analysis
of landcover change and its regional impacts on sustainable development in Korea. J. Im et al. (2008)
used nearest neighborhood classification techniques for landuse and landcover classification and com-
pared the accuracy with other techniques. Munyati et al. (2011) used the hybrid image classification
approach to monitor savanna rangeland deterioration in Mokopane, South Africa. For classification,
initial clustering was undertaken by unsupervised classification using the ISODATA algorithm. On the
resulting cluster image, the field data sites were then located and the spectral signature clusters were
assigned names. The named spectral signatures were then used for a final supervised classification.

13.4.3.1.1  Improved/Modified Classifiers

Depending upon different geographic conditions and other factors, there is a possibility that same
ground covers or vegetation types show different spectral response or different covers show similar
spectral response on remote sensing imagery due to spectral mixing, therefore an accurate clas-
sification result is very difficult to obtain from traditional supervised or unsupervised classification
techniques. Hence, there is always a need for improvement in the classification methods for better
classification results. Some of the new methods have been based on traditional supervised or unsu-
pervised approaches through a process of combination, extension or as an expansion to provide
better classification results from remote sensing data. Sohn and Rebello (2002) developed the new
spectral angle classifier (SAC), a combination of supervised spectral angle classifier (SSAC) and
unsupervised spectral angle classifiers (USAC), based on the fact that the spectra of same types of
surface objects are approximately linearly scaled variations of one another due to atmospheric and
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topographic effects. SAC allows the spectral angle to be used as a metric for measuring angular
distances in feature space for classification and clustering of multispectral satellite data and was
successfully applied in biotic and landcover classification (Sohn and Qi, 2005). Collado et al. (2002)
found use of spectral mixture analysis (SMA) to be valuable in monitoring desertification processes
in the crop-rangeland boundary of Argentina. Savanna rangeland degradation in Namibia was clas-
sified by Vogel and Strohbach (2009), who used Landsat TM and ETM+ data. The decision tree
classifier was also used. Their results showed that savanna degradation could be classified into the
following six classes: vegetation densification, vegetation decrease, complete vegetation loss, long-
term vegetation patterns, the recovery of vegetation on formerly bare soils, and no change with an
overall accuracy of 73.4%, with class pair accuracies ranging from 80 to 100% for producer and
user accuracies. Okin et al. (2001) assessed the utility of AVIRIS satellite imagery for accurately
discriminating among vegetation types in the Mojave Desert, USA. Multiple Endmember Spectral
Mixture Analysis (MESMA) and Spectral Mixture Analysis (SMA) were performed to estimate
the proportion of each ground pixels area that fitted with different cover types. They concluded that
AVIRIS showed low potential for classifying vegetation types, with an overall accuracy of only
30% due to low vegetation cover. This is a common problem in rangelands, where the overall clas-
sification accuracies are generally lower than for forest or well vegetated areas.

James et al. (2003) suggested that ecological condition of rangelands is a major factor in their envi-
ronmental quality, their overall performance as watersheds and in wildlife and livestock production.
They pointed out that to maintain the quality of rangelands, they must be monitored over time and space
and also must take into account topography, climate, soils, plant communities, and animal population.
Several studies have shown that extensive field knowledge and support data improves classification
accuracy, for example, Wang et al. (2009) used stratified classification approaches based on segmen-
tation of an image into focused area and categories based on existing GIS landcover data in order
to improve classification accuracy. Franklin and Wilson (1992) developed a three-stage classifier that
incorporated a quadtree-based segmentation operator, a Gaussian minimum-distance to mean test and
final test involving ancillary geomorphometric data and a spectral curve measure and attained signifi-
cant increase in classification accuracy in less time and with minimum field training data as compared
to MLC. Jianlong et al. (1998) used green herbage yield data, environment, and remote sensing data
recorded in different grassland types in Fukang County, Xinjiang from 1991 to 1996. They explored
the methods of processing images, analyzing information, and linking of remote sensing data with
ground grassland data. Tagestad and Downs (2007) studied landscape measures of rangeland condi-
tion using texture methods, highlighting the apparent roughness in the visible surface due to drastic
changes in brightness between adjacent pixels. The texture model reduces the color signal in the image
and maximizes the texture signal. The field-measured shrub canopy cover in each plot was compared
to the corresponding texture ratio values for pixels representing that plot to develop a simple linear
regression relationship between shrub canopy cover and image texture. Franklin et al. (2001) used
spatial co-occurrence texture measures and MLC to generate higher forest species composition clas-
sification accuracies in New Brunswick forest stand than the use of spectral patterns alone. Gong and
Howarth (1992) developed and evaluated a contextual method of landuse classification using SPOT
data involving two steps: gray-level vector reduction and frequency based classification and found that
the frequency based classification method was comparatively fast, efficient and could improve land-
use classification accuracies over MLC and was effective in identification of spatially heterogeneous
landuse classes. Pin"eiro et al. (2006) estimated seasonal variation in aboveground production and radi-
ation-use efficiency of temperate rangelands using remote sensing. They evaluated, at a seasonal scale,
the relationship between ANPP and the NDVI and estimated the seasonal variations in the coefficient
of conversion of absorbed radiation into aboveground biomass and also identified the environmental
controls on such temporal changes. Their results indicated that NDVI produced good, direct estimates
of ANPP only if NDVI, PAR, and aboveground biomass were correlated throughout the seasons and
hence suggested seasonal variations of aboveground biomass associated with temperature and precipi-
tation to be taken into account to generate seasonal ANPP estimates with acceptable accuracy.
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Fuzzy methods in the classification of remote sensing images have become popular because of
their ability to deal with situations where the geographical boundary is inherently fuzzy or hetero-
geneous due to the presence of mixed pixels and traditional methods of classification are often inca-
pable of performing satisfactorily (Okeke and Karnieli, 2006). For example, Tagestad and Downs
(2007) investigated the fuzzy approach for the classification of sub-urban landcover from remote
sensing imagery and reported to have advantages over both conventional hard method and partially
fuzzy approach. Other similar applications have been by Okeke and Karnieli (2006) for vegeta-
tion change study, and Sha et al. (2008) for grassland classification. Discriminating and mapping
vegetation degradation at Fowlers Gap Arid Zone Research Station in Western New South Wales,
Australia, Okeke and Karnieli (2006) used Random Forest method to classify perennial vegeta-
tion, chenopod shrubs and trees using hyperspectral imaging (CASI). An area of less than 25%
was discriminated and mapped. Okeke and Karnieli (2006) concluded that high-spectral resolution
imagery had potential for the discrimination of vegetation cover in arid regions.

Recently, decision tree (DT) classifiers have been used for landcover and vegetation classification
from remote sensing data based on the concept of splitting a complex decision into several simpler
decisions which may be easier to interpret. DT is based on multistage or hierarchal decision scheme
or a tree like structure composed of a root node (containing all data), a set of internal nodes (splits)
and a set of terminal nodes (leaves) and processes from top to bottom by moving down the tree
where each node of the decision tree structure makes a binary decision that separates either one
class or some of the classes from the remaining classes (Xu et al., 2005; Chen and Rao, 2008). DT
is relatively simple, explicit, computationally fast, makes no statistical assumptions and can handle
data on different measurement scales (Friedl and Brodley, 1997; Pal and Mather, 2003). Chen and
Rao (2008) determined the rate and status of grassland degradation and soil salinization based on
DT and field investigation with overall classification accuracy of more than 85%. Xu et al. (2005)
employed a decision tree regression approach to determine class proportions within a pixel so as
to produce a soft classification and the accuracy achieved by DT regression was found to be sig-
nificantly higher as compared to MLC applied in soft mode and supervised version of fuzzy-c-soft
classification, especially when data contained a large proportion of mixed pixels.

Pal and Mather (2003) assessed the utility of DT classifier for landcover classification using
multispectral and hyperspectral data and compared the performance of univariate and multivari-
ate DT with that of ANN and MLC. They concluded that DT performance was always affected
by training data size, univariate DT was more systematic than multivariate DT for common train-
ing and test datasets and, in the case of univariate DT, a minimum of 300 training pixels per class
were needed to the achieve most suitable classification accuracy. They further concluded that DT
classifiers were not recommended for high-dimensional datasets. Fried]l and Brodley (1997) tested
univariate DT, multivariate DT and a hybrid DT on three different remote sensing datasets and
compared the classification results from each DT algorithm with those of MLC and linear discrimi-
nant function classifier, and reported that DT, hybrid DT in particular, consistently outperformed
MLC and linear function discriminant classifier in regard to classification accuracy. Rogan et al.
(2002) compared MKT, MSMA MLC and DT to accurately identify changes in vegetation cover
in south California and showed that DT classification approach outperformed MLC by nearly 10%
regardless of enhancement technique used and using DT classification, MSMA change fractions
outperformed MKT change features by nearly 5%. Borak and Strahler (1999) developed a tree-
based model for landcover identification from satellite data for a semiarid region in Cochise County,
Arizona and compared the results with other classifiers such as fuzzy ARTMAP, MLC and reported
that DT could reduce a high-dimension dataset to a manageable set of inputs that retained most
of the information of the original database. However fuzzy ARTMAP achieved the highest accu-
racy in comparison to MLC or DT classifier. Muchoney et al. (2000) compared the classification
results obtained from MODIS data for vegetation and landcover mapping using DT, Gaussian ART
and Fuzzy ART ANN algorithms in Central America and attained high accuracies from DT (88%),
Gaussian ART (83%), and Fuzzy ART NN (79%).
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Jarman et al. (2011) studied rangeland conditions in the regions of Kvemo Kartli and Samtskhe-
Javakheti in southern Georgia, USA using remote sensing data. They used (NDVI) as the indica-
tor of condition and used object based image analysis. The Landsat scenes and ancillary datasets
were collated within eCognition following a two tiered (multi-level) hierarchical approach. The first
level brought together the non-rangeland datasets and the second level classified the rangeland area
into relative states of rangeland condition (good, moderate, poor). A rule based classification was
undertaken within eCognition to map the classes. Laliberte et al. (2011) applied IHS transforma-
tion on remote sensing data followed by object based segmentation and classification for structure
and species level rangeland mapping. They developed specific rules to define threshold for broader
classes and nearest neighborhood classification for finer species level classification. They reported
that classification accuracies were highly dependent on the level of detail, number of classes, size of
area and specific mapping objectives.

13.4.3.2 Image Differencing and Image Ratioing

The algebraic technique of change detection analysis is based on the selection of a threshold to
determine the changed areas (Lu et al., 2004). In this group of change detection techniques, many
researchers have applied image differencing and image ratioing with different combinations of spec-
tral bands as their first choice for identifying change, and derived satisfactory results. Conclusions
and recommendations vary about whether image differencing and regression, vegetation index dif-
ferencing or image ratioing is the best change detection technique. Since each method has been
applied to different areas, with different datasets and under different environmental conditions, the
decision on the selection of a suitable method is not an easy task (Coppin et al., 2004). For example,
Sinha and Kumar (2013a) tested 11 different binary change detection methods and compared their
capability in detecting land-cover change/no-change information in different seasons using multi-
date Thematic Mapper (TM) data. They proposed a relatively new approach for optimal threshold
value determination for separation of change/no-change areas and found improved results with this
as compared to traditional thresholding (Sinha and Kumar, 2013b).

13.4.3.2.1 Transformation

Various linear data transformation techniques such as Principal Component Analysis (PCA),
Tasselled Cap (TC), Gramm-Schmidt (GS), and chi-square transformations have been applied to
multi-temporal remote sensing data to identify changes in various land use/land cover classes. In
PCA, only two bands of the multi-date image are used as input instead of all bands (Richards,
1986), and hence reducing the data volume and redundancy between bands. After transformation
using two bands, the derived components contain information about change and no change areas as
the first and second components, respectively, based on information common or unique in the two
input bands (Chavez and Kwarteng, 1989). PCA is based on three steps: calculation of a variance—
covariance matrix, computation of eigenvectors and linear transformation of datasets (Richards,
1986). Two types of PCA, standardized PCA (uses correlation matrix) and non-standardized PCA
(uses covariance matrix), have been used for change detection (De Cauwer et al., 2024; Arogoundade
etal., 2023). PCA has certain disadvantages in not providing detailed change matrices and difficulty
in interpretation, identification and labelling of changed areas.

TC transformation is carried out by assigning tasseled cap coefficients to spectral bands of two
dates, a positive coefficient to the first date and a negative coefficient to the second date, as explained
by Crist and Cicone (1984). This is followed by Gramm-Schmidt transformation to make the derived
vectors orthogonal to each other. The three transformed images thus obtained contain information
about differences in greenness, brightness and wetness, with highest classification accuracy in the
greenness change image. Maynard et al. (2007) classified Landsat 7 ETM+ to identify spectrally
anomalous locations on satellite data and their correlation with corresponding ground locations for
rangeland evaluation. Their classification was carried out using TC brightness, greenness and wetness
components stratified by ecological site descriptions. PCA and TC have been the most used approaches
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for detecting change/no-change information. An additional advantage of TC transformation is that the
TC coefficients are scene independent compared to PCA coefficients, which are scene-dependent.

13.4.4 CAase STUDY: SPECTRAL-SPATIAL CHARACTERISTICS OF SELECTED EcoLOGICAL SITES

13.4.4.1 Introduction

Ecological sites (ES) characterize land of specific biophysical and plant community properties.
Spatially distinct land areas of the same ecological site respond similarly to management actions
and natural disturbances (U.S. Department of Agriculture, NRCS 2012). Therefore, the identifica-
tion and mapping of ecological sites across large landscapes can be an important tool for rangeland
managers. Ecological sites, as they are applied by the United States Department of Agriculture
Natural Resources Conservation Service (NRCS) are defined on the basis of soils, geomorphology,
hydrology, and the plant species composition that occur on those soils. The NRCS spatially ties
ESs to soil components mapped within soil map units (SMU) contained in their spatial digital soil
surveys.

Bestelmeyer et al. (2009) formulated an approach to identify ESs from Landsat (or similar plat-
forms) interpreted into land cover maps to identify vegetation distribution. These mapped veg-
etation areas are used to infer possible ecological sites. In addition to this effort, Maynard et al.
(2007) found that there was a high correlation between field measures of productivity and exposed
soil when compared to the tasseled cap brightness component extracted from Landsat Thematic
Mapper (TM) imagery. Differences in brightness have been shown to discriminate between decidu-
ous shrubs (or harvested forest stands) and closed canopy forests (Dymond et al. 2002).

Gamon et al. (1995) discussed the usefulness of the NDVI as an indicator of photosynthetic
activity as well as canopy structure and plant nitrogen content. Jensen (2000) showed that NDVI
was sensitive to canopy variations including soil visible through canopy openings. While the sensi-
tivity to soil background has typically been seen as a disadvantage of NDVI for vegetation assess-
ment, it could prove useful for studying ESs because areas of the same ES may have a similar
amount and type of bare soil. The NDVI values within a polygon, such as an SMU, and the variation
in the NDVTI within that polygon has also been used to distinguish between cover types (Pickup and
Foran, 1987).

Accurately classifying and identifying the spatial extent of ESs on a landscape level is a time
consuming process involving extensive field-work to characterize soils. While remotely sensed data
cannot yet be used to obtain detailed data about soils, it can be used to identify the unique vegetation
components of ESs. Being able to accurately identify the vegetation component of ESs should provide
ameans by which soil field sample locations can be identified more efficiently. Based on past research,
the use of satellite derived NDVI and brightness, coupled with biophysical geospatial data (elevation,
slope, and aspect) should allow areas of the same ES vegetation components to be mapped.

13.4.4.2 Methods
13.4.4.2.1  Study Area

This research was conducted in Rich County, Utah, U.S. (Figure 13.11), located in the northeast-
ern corner of the state (long 111°30'38.5"—Ilong 111°2'42.2"” West and lat 42°0'0"- 1at 42°08'24.3"
North). The western portion of the study area is characterized by high elevations with vegeta-
tion consisting of aspen forests, subalpine conifer forests, and scattered mountain sagebrush
steppe. Moving east, elevation decreases, and the mountain sagebrush steppe becomes domi-
nant. Central and eastern Rich County is made up of relatively lower elevations with vegetation
consisting of basin big sagebrush steppe and shrubland, subalpine grasslands, and agriculture
(Figure 13.12). The average elevation is 2093 m. The highest point is Bridger Peak at 2821 m
and the lowest point is about 1800 m. The climate is variable and is affected by the changing
topography of the county.
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FIGURE 13.11 Utah natural color mosaic from the Landsat 8 Operational Land Imager (OLI) showing Rich
County outlined in red.

13.4.4.2.2  Biophysical Geospatial Datasets

A series of Landsat 5 TM images (Path 38/Row 31) for each year between 1984-2011 with Julian
date as close to 207 (July 26th) as possible (given acceptable cloud cover) were collected from the
U.S. Geological Survey Global Visualization Viewer (GLOVIS). The Julian date of 207 was chosen
by averaging the date for each year that displayed the greatest variance in NDVI between different
land cover types. The dates were obtained by examining line graphs of mean NDVTI values collected
by the Moderate Resolution Imaging Spectroradiometer (MODIS) of evergreen forests, shrubs, and
deciduous forests. Figure 13.13 is an example of one of these graphs from 2009.
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FIGURE 13.12 Rich County, Utah, natural color image from Landsat 8 OLIL.
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FIGURE 13.13 Line graph of annual fluctuations in NDVI for evergreen forests, shrublands, and deciduous
forests. The largest differences in NDVI can be seen in mid-summer.

Of the 28 years’ images, 18 were within 20 days of 207, five more were within 30 days of 207,
and three more were within 40 days of 207. The cloud free scene closest to Julian date 207 from
1987 had a Julian date of 153 and was 54 days off. The year 2001 was the only year that an image
was not available due to cloud cover.

Raw pixel values were converted to reflectance using an image-based atmospheric correction
(Chavez, 1996) using appropriate calibration coefficients for Landsat 5 TM (Chander et al., 2009).
The NDVI was calculated for each image (Rouse et al., 1974) and for each NDVI product we calcu-
lated the spatial standard deviation of the NDVI using a 5 x 5 pixel focal window. The brightness
component for each year was calculated using the published transformation coefficients for Landsat
5 TM (Crist and Cicone, 1984). Images from every year were utilized, based on literature indicating
that longer time series of remotely sensed data were necessary to adequately characterize different
ecological states due to inherent year-to-year variance (Hernandez, 2011).

A 30 m digital elevation model (DEM) produced by the USGS National Elevation Dataset pro-
gram was used to extract slope and aspect. Elevation, slope, and aspect have been shown to drive
microclimatic variation and therefore the spatial distribution and patterns of vegetation (Jin et al.,
2008).

13.4.4.2.3  Ecological Sites

To test the process, land cover types representing five ESs were selected. These were Wyoming
big sagebrush (Artemisia tridentata ssp. wyomingensis) steppe, mountain big sagebrush (Artemisia
tridentata ssp. vaseyana), Utah juniper (Juniperus osteosperma), Douglas-fir (Pseudotsuga menzie-
sii), and aspen (Populus tremuloides). With the exception of Utah juniper, these vegetation compo-
nents were selected because of their prevalence in the county. Wyoming big sagebrush accounts for
much of the foothill vegetation in the study area, and aspen is prevalent in the mountainous section,
with Douglas-fir, and mountain big sagebrush as secondary and tertiary types. Utah juniper is not
prevalent within the study area; however, it is an important vegetation component due to its potential
to encroach into sagebrush steppe communities (Miller and Rose, 1999). Together, these vegetation
components represent approximately 71% of the county by area.
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Twenty polygons were digitized for each of the five ESs using 2009 National Agricultural
Imagery Project (NAIP) 1m resolution aerial orthoimagery. In total, one-hundred polygons were
created (20 for each ES vegetation component).

Polygons were intersected with the topographic data layers, yearly NDVI imagery, and yearly
brightness component images. For each polygon, the mean values of topographic and brightness
variables were extracted along with the mean and standard deviation of each NDVI image for each
year. From these data, a 28-year mean of the average brightness as well as the mean of the average
NDVI and the mean NDVI standard deviation (sdNDVI) were produced. This was done to minimize
the effects of inter-annual climate variability and clouds and provide long-term average values for
each polygon of each land cover type. Inter-annual climate variability has been shown to affect plant
species productivity (Goulden et al., 1996; Arain et al., 2002) and ecological processes (Westerling
and Swetnam, 2003). The resulting data matrix was therefore composed of the ES vegetation com-
ponent name followed by three columns for the DEM derivatives, and three columns for the NDVI,
sdNDVI, and brightness.

13.4.4.2.4 Results

Figure 13.14 shows the 28-year mean of the average NDVI value for each polygon plotted against
the 28-year mean of the sdNDVI for each polygon showing that the five ESs occupied unique NDVI
mean and spatial variance “niches.” Some overlap occurred between Wyoming big sagebrush and
Utah juniper and between Douglas-fir and aspen ESs. Figure 13.15 shows the same data points with
28-year mean of the average NDVI value plotted against the 28-year mean of the average bright-
ness. The brightness component was able to cleanly separate Aspen polygons from the Douglas-fir
polygons. However, brightness provided little separation between Utah juniper and Wyoming big
sagebrush.
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FIGURE 13.14 Scatter-plot showing the distribution of each ecological site vegetation component in our
study with average NDVI value on the x-axis and the average standard deviation in NDVI on the y-axis. Both
of these variables provide separation between vegetation classes.
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Brightness vs. NDVI
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FIGURE 13.15 Scatter-plot showing the distribution of each ecological site vegetation component in our
study with average NDVI value on the x-axis and the average brightness component (obtained from the tas-
seled cap transformation) value on the y-axis.
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FIGURE 13.16 Scatter-plot showing the distribution of each ecological site vegetation component in our
study with elevation on the x-axis and slope on the y-axis. Most vegetation classes overlap one another.
However, slope does help with separating Wyoming big sagebrush from Utah juniper.
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Elevation vs. aspect
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FIGURE 13.17  Scatter-plot showing the distribution of each ecological site vegetation component in our study
with elevation on the x-axis and aspect on the y-axis. Aspect does not appear to separate any vegetation classes.

Each polygon was plotted against elevation and slope (Figure 13.16) and also against elevation
and the cosine of aspect (Figure 13.17). Topographic variables alone were able to somewhat separate
vegetation components along an elevation gradient (as expected). Slope seemed to be a good vari-
able to separate Utah Juniper from Wyoming big sagebrush and Douglas-fir from Aspen. Aspect
was not useful for distinguishing between any vegetation types.

The Wyoming big sagebrush polygons collectively had low NDVI and low spatial variation in
NDVI. Utah juniper sites had similarly low average NDVI, but due to high contrast between green
juniper trees and a relatively larger amount of bare ground, these sites had higher spatial varia-
tion in NDVI. Mountain big sagebrush had higher average NDVT values. This was expected since
mountain big sagebrush occurs at higher elevations that receive more precipitation than either
Wyoming big sagebrush or Utah juniper and therefore is associated with higher plant production.
Aspen polygons tended to have higher NDVI values compared to Douglas-fir polygons with both
ESs having a similar, relatively large distribution of spatial variance. Where the aspen sites are
concerned, there was a slight but distinct trend of decreasing composite mean NDVI with increas-
ing mean standard deviation (sdNDVI). Indeed considering the four aspen sites with the highest
sdNDVI, three sites consisted of lower aspen canopy cover and the site with the highest SANDVI
contained a mix of immature aspen trees and shrubs. The remaining 16 aspen sites were all similar
in canopy cover.

13.4.4.2.5 Discussion

This case study has shown that using variables derived from remotely sensed images as well as
biophysical geospatial data, selected ESs can be discriminated on a per-pixel basis. Prediction
of the spatial distribution of ESs on a pixel basis has been suggested as the next step in remote
sensing applications to rangeland conservation (Hernandez, 2011). This research has shown that
selected ESs can be somewhat cleanly discriminated by utilizing spectral (NDVI and Brightness)
and spectral-spatial (SdNDVI) variables and therefore could be mapped by utilizing remotely
sensed imagery. This is, of course, not surprising since the remote sensing community has clearly
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shown the ability to map land cover. What is important here is that by identifying the spatiotem-
poral spectral nature of selected land cover types, land cover change can be tracked. Ecological
sites are used by the USDA-NRCS as a benchmark condition to develop state and transition
models (Briske et al., 2005; Bestelmeyer et al., 2009). Ecological sites linked to soil map units
provide a means to compare current land cover condition to historic conditions (as defined by the
ES). By establishing the spectral nature of ESs, the spectral/spatial signature of soil map polygons
can be compared with an expected ES for that polygon. Deviations from the expected response
could indicate type and directionality of change, thus providing managers with a powerful land
management tool.

13.5 CONCLUSION

Rangelands are dynamic environments that probably exhibit change more frequently and profoundly
than many other systems (De Cauwer et al., 2024; Arogoundade et al., 2023; Sharifi and Felegari,
2023; McCord and Pilliod, 2022; Matongera et al., 2021; Hadian et al., 2019; Al-bukhari et al., 2018;
Eddy et al., 2017). Land management, livestock grazing, invasive species, prolonged droughts and
fire have the potential to alter rangeland community structure at both the micro and macro levels.
Vegetation communities can be dominated by either C; or C, grass species or have permanent
shrublands; thus productivity is very phenology dependent. Biomass production in rangelands by C,
and C, plants displays significantly different phenological timing that is detectable using satellite
remote sensing. The phenological differences are also useful for identifying vegetation types. Such
information about rangeland productivity, vegetation species and timing are useful for rangeland
managers in adjusting stocking rate, broad-scale movement of stock, land degradation monitor-
ing and long-term trends in the health and condition of the systems. This chapter has highlighted
numerous methods of achieving the preceding by using remotely sensed imagery.

Accurately classifying and identifying the spatial extent of Ecological Sites on a landscape scale
is a laborious task involving extensive fieldwork to characterize soils. Case studies presented in this
chapter show that variables extracted from remote sensing images, together with biophysical geo-
spatial data, can be used to discriminate Ecological Sites on a per pixel basis with a relatively high
degree of confidence. Ecological Sites are widely used as a benchmark condition to develop state
and transition models and provide a means to compare current land cover condition with historic
conditions, thus indicating type and directionality of change and helping in rangeland management.

Monitoring of fuel in rangelands is also important and this chapter has provided examples of how
high temporal resolution satellite remote sensing can be used for quantifying fuel loads in rangeland
landscapes. We have also summarized a range of change detection techniques relevant to rangeland
monitoring and discussed, through a case study, the effectiveness of a Regression Tree algorithm
(Random Forest) in modeling estimates of percent cover and developing Vegetation Continuous
Fields for a range of vegetation communities in a rangeland environment.

Remote Sensing has undergone major transformations since its mainstream application began
about 50 years ago. Spatial resolutions of images have shrunk from a few kilometers range to the
sub-meter range, spectral resolutions have moved to the hyperspectral domain and temporal resolu-
tions enable images to be available almost on a daily basis. In conjunction with this development,
image classification techniques have made major progress and continue to be developed. New tech-
niques include neural networks, random forest and object based classifications, and research cited
earlier show that they have led to a marked increase in classification accuracies. All these develop-
ments have greatly enhanced our ability to map and monitor rangelands to a degree not possible in
the past and no doubt will continue to be improved into the future as new techniques and sensor
capabilities become mainstream. This chapter has covered some of these developments and high-
lighted the importance and usefulness of remote sensing for rangeland mapping and monitoring
(De Cauwer et al., 2024; Arogoundade et al., 2023; Sharifi and Felegari, 2023; McCord and Pilliod,
2022; Matongera et al., 2021; Hadian et al., 2019; Al-bukhari et al., 2018; Eddy et al., 2017).
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