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ASSESSING POST-FIRE RECOVERY OF SAGEBRUSH STEPPE
RANGELANDSIN SOUTHEASTERN IDAHO

Executive Summary
Significant Findings and Achievements

e Two primary objectives were addressed in this study, 1) determine the ability of geospatial
technologies to reliably capture and characterize changes in the vegetation community following
wildfire and 2) determine if the Big Desert study areain southeast Idaho is moving toward a state
of desertification as a consequence of the 2006 Crystal fire disturbance.

o Characterizing changesin the vegetation community following a wildfire disturbance was
examined using MODIS, Landsat, and SPOT satellite imagery. In each case specific abilities of
each sensor were revealed including the ability of MODIS fPAR datato reliably describe changes
in primary productivity within semiarid savanna ecosystems (cf. chapters 6-8).

e Semiarid savanna ecosystems are paradoxical. At first glance the untrained eye may be led to
believe the sagebrush-steppe is a stagnant sea of unchanging shrubs. In reality however, these
ecosystems exhibit tremendous changes throughout each year and each growing season (cf.
chapter 9). Furthermore, the C3 plants found throughout the study area exhibit distinct diurnal
patterns of respiration and photosynthesis (cf. chapter 10). A consequence of these research
findings have direct implication for primary productivity modeling and suggest current primary
productivity values may underestimate actual productivity of semiarid savanna ecosystems.

e Assessing changesin land cover over extended temporal periods requires the use of a
correspondingly lengthy dataset. Making valid comparisons across time further requires the use
of complimentary datasets. Based upon these statements and suppositions it becomes clear that
the Landsat data archive is arguably the most important dataset available to geospatial scientists.
However, current Landsat satellites are experiencing difficultiesand it is uncertain whether
Landsat imagery will remain continuous through the successful launch of Landsat 8 in December
of 2012.

e Aninvestigation into the complementary nature of Landsat and ResourceSat --a recommended
interim aternative platform-- was conducted as part of this study. Results suggest with proper
site-specific intercalibration, ResourceSat could serve adequately as an interim replacement for
Landsat (cf. chapter 5).

o Thedevelopment of along-term Landsat dataset (1984-2010) was initiated as part of this project.
Using data from 2000-2009 an eval uation of various primary productivity indicators was
conducted to assess the status of sagebrush-steppe rangelands prior to and following the 250,000
acre Crystal fire of 2006. Specific indicators used in this study include composite-NDV1 , rain-
use efficiency, water-use efficiency, and local net primary productivity scaling. Results suggest
that while primary productivity is estimated to be relatively low across the Big Desert, it isalso
fairly stable when viewed from along-term, decadal perspective. Results also underscore the
importance of using long-term data (10 years longer) for this and other assessments as short-term
(2-4 years) snapshots of change could be misleading (cf. chapter 14).
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The detection of landscape or regional land cover change is ultimately tied to fine-scale changes
in bare ground, plant community species/structure, and current phenol ogical-status at the time of
data capture. Issues related to phenology can be effectively resolved through the use of
composite-NDV I, but properly scaling datafrom plant scale (fine-scale) to landscape scaleis very
difficult. To address scaling issues we examined the ability of remote sensing technologies to
detect various fine-scale landscape features such as small patches of dead shrubs (cf. chapters 4
and 17) and randomly located, rare and spectrally unique targets (cf. chapter 11). Results
demonstrate various limitations of current remote sensing capabilities due to mixed pixels and the
signal-to-noise ratio of the sensor.

Eight of the chaptersincluded in this fina report have been published (five) or arein review for
publication (three) in a peer-reviewed professiona journal.

Five graduate students were supported in whole or in part through this grant (Bhushan Gokhale
[cf. chapters 5-8, and 13], Darci Hanson [cf. chapters 3, 4, 17, and 18], Mansoor Raza [ cf.
chapter 13], Heather Studley [cf. chapters 2 and 15]), and Linda Tedrow [cf. chapter 9]) as well
as one undergraduate student (Kerynn Davis [cf. chapters 1 and 3]). Each of these students have
completed their studies at Idaho State University and have graduated.
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2009 Rangeland Vegetation Assessment at the O’Neal Ecological
Reserve, Idaho

Kerynn Davis, ldaho State University. GIS Training and Research Center, 921 S. 8" Ave., Stop
8104, Pocatello, ID 83209-8104

Keith T. Weber, GISP. GIS Director, Idaho State University. GIS Training and Research Center,
921 S. 8" Ave., Stop 8104, Pocatello, 1D 83209-8104. webekeit@isu.edu

ABSTRACT

Vegetation data were collected at 30 randomly located sample points during June 2009. Data were collected
using both ocular estimation and line-point intercept transects each describing fuel load and percent cover of
grasses, forbs, shrubs, litter, microbial crust, bare ground, and weeds respectively. In the SHPG (Simulated
Holistic Planned Grazing) grazing treatment of the O’Neal, percent cover of grass (2009=24.66%,
2008=13.84%), forbs (7%, 5.82%), and shrubs (12.33%, 11.1%) increased from 2008. The Rest-Rotation
grazing allotment also saw increased percentage cover in grasses (22.66%, 8.96%), forbs (9.16%, 6.34%) and
shrubs (13.83%, 11.26%). In the Total Rest grazing allotment, percent cover increased in grasses (28.33%,
12.27%), forbs (10.33%, 4.1%), and weeds (13.6%, 12.33%). Much of the changes observed are likely
attributable to the increase in precipitation in 2009 (106.8 mm) relative to 2008 (9.2 mm).

KEYWORDS: Vegetation, sampling, GIS, remote sensing, GPS, grazing treatment, land management
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INTRODUCTION

There are many factors that influence land cover changes. Wildfire has been, and will always be, a
primary source of broad scale land cover change. In addition, grazing management decisions and
practices have also been linked to land cover change. With wildfire or grazing, a change in plant
community composition, plant structure, or ecosystem function may result in increases in bare ground and
decreases in land productivity. The introduction of non-native vegetation can lead to a degraded system
due to the competition placed upon native plant life and the change in plant community composition. An
increase in non-native vegetation may reduce the rangeland’s ability to support livestock and wildlife, and
may reduce its resiliency to larger, catastrophic events. Cheatgrass (Bromus tectorum) is an example of a
non-native species that has greatly affected rangeland ecosystems throughout the Intermountain West.

This paper describes the vegetation/land cover sampling performed during the summer of 2009 which was
performed to support on-going rangeland research at Idaho State University's GIS Training and Research Center
(Anderson et al, 2008; Gregory et al., 2008; Russell and Weber, 2003; Sander and Weber, 2004; Tedrow, Davis,
and Weber, 2008; Underwood et al, 2008; Weber and McMahan, 2005). In this study, land cover was estimated
using line-point intercept transects and these data were used to foster a better understanding of the effect of
grazing management practices at the O'Neal Ecological Reserve, with potential application to other semiarid
rangelands around the world.

METHODS
Study Area
Research at the O’Neal Ecological Reserve is being conducted to A) determine if Simulated Holistic Planned
Grazing can be used to effectively decrease bare ground exposure, B) determine if soil moisture changes
relative to bare ground exposure and treatment, and C) examine the ecological effects of livestock grazing. The
approximate location of the study area is shown below (Figure 1).

[
1

Figure 1. Research study area. The O’Neal Ecological Reserve, represented by red rectangle, is located near
McCammon, Idaho.
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Three different grazing treatments were sampled; Simulated Planned Holistic Grazing (SHPG), rest-rotation
(RESTROT), and total rest (TREST). After comparing several metrics for each of these areas we infer various
generalizations which may shed light on relationships between the measured variables and aid range managers
in making decisions about prescribed and targeted grazing management.

Field data collection

Sample points for this study were randomly generated based on criteria determined prior to collecting the
data. These criteria include: all points must be 1) >70 meters from an edge (road, trail, or fence line) and
2) <750 meters from a road. There were 30 points generated in total throughout the three O’Neal grazing
pastures. The three grazing treatments were: 1) Simulated Holistic Planned Grazing (SHPG) 2) rest-
rotation (RESTROT) and 3) total rest (TREST). A new criterion considered for the 2009 study included
placing an east or west bearing on each sample point depending on its location in reference to the flight
line of a concurrently acquired high-resolution (0.05mpp) aerial photography mission. If the random
sample point was located to the west of the flight line path, then the point would be marked with an E to
indicate the transect would be read to the east of the sample point (plot center), in contrast, if the random
sample point was located to the east of the flight line path, then the transect would read directly to the
west of plot center. This was done to ensure the entire transect would be acquired by the aerial
photography mission.

Sample points were navigated to using a Trimble GeoXH GPS receiver. A 20 m flexible tape was laid
out on the ground from the starting point (plot center) and in the designated direction (directly east or
west) with the aid of a compass. Photographs were taken using a Sony digital camera in each cardinal
direction, starting at north and proceeding to photographs viewing east, south, and west. Land cover type
was determined by looking straight down at the transect tape and recording the land cover feature in the
upper most canopy directly above the designated observation point. Observation points began at 10 cm
from the sample point (observation point one) and continued every 20 cm thereafter (observation points
2-100). Land cover at each observation point was classified as either shrub, rock (if the rock was over 7.5
cm in surface diameter), bare soil, invasive weed, grass, forb, litter, standing dead herbaceous material,
standing dead woody material (e.g., a dead tree or sagebrush shrub still intact at the ground), or
microbiotic crust. A total of 100 point observations were made and recorded in the GPS-based field form.

The Trimble GeoXH GPS receiver (+/-0.20 m @ 95% CI after post processing) using latitude-longitude
(WGS 84) was used to record the location of each sample point (Serr et al., 2006). Points were occupied
until a minimum of 60 points were acquired and WAAS was used whenever available. All points were
post-process differentially corrected using a constellation of GPS base stations each located <80km from
the study area. This technique used Trimble's H-star technology to achieve improved horizontal positional
accuracy. The sample points were projected into Idaho Transverse Mercator NAD 83 using ESRI’s
ArcGIS 9.3.1 for datum transformation and projection (Gneiting, et al., 2005).

Fuel load was determined by visually estimating the vegetation type and quantity in the immediate
vicinity (approximately 20 meters) of the sample point. Anderson’s (1982) fuel load classes were used
(Table 1).
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Table 1. Fuel load classes used in this study

Fuel Load Class (Tons/Acre) Description
1 0.74 Almost bare ground, very little vegetation
2 1.00 Grasses, some bare ground, few shrubs
3 2.00 Mixture of shrubs and grasses
4 4.00 Predominantly shrubs
5 >6.00 Shrubs to trees
RESULTS

Based upon land cover estimates, maximum bare ground was 26%, maximum weed cover was 25%,
maximum grass cover was 46%, maximum shrub cover was 33%, and maximum forb cover was 24%.

Each grazing treatment was independently analyzed in order to better understand how land cover
responded in relation to each grazing treatments. The mean cover of each cover type were separated by
grazing treatment and summarized in Table 2.

Table 2. Mean cover of each land cover type by grazing treatment (2009).
Mean cover (%)

Land cover class SHPG (n=3) Rest-rotation (n=24) Total rest (h=3)
Bare Ground 15.33 8.12 2.00
Shrub 12.33 13.83 13.00
Grass 24.66 22.66 28.33
Litter 9.33 9.04 7.60
Weed 3.00 8.25 13.60
Forb 7.00 9.16 10.33

Compared to a similar sampling campaign during the summer of 2008 (n= 150), 2009 showed a decrease
in bare ground and litter across all treatment pastures as well as a decrease in weed cover in both the
SHPG and rest-rotation pastures. In contrast, there was an increase in grass and forb cover found across
all treatment pastures which is most probably the result of increased precipitation in 2009 relative to that
in 2008. In June of 2008 the total rainfall was 9.2 mm with the monthly average at 0.025 mm. This
differs greatly from June 2009 which had a total rainfall of 106.8 mm and a daily average of 0.296 mm.
Similarly, there was an increase in shrub cover in both the SHPG and rest-rotation pastures as well as an
increase in weed cover in the total rest pasture. The latter change may be due to the absence of grazing
which in turn may favor the establishment of invasive annual weeds such as cheatgrass (Table 3). It is
noted however, that these changes are observations based upon absolute values and not the result of a
statistical comparison of inter-annual differences within each pasture. Statistical analyses were not
performed as the number of samples was not sufficient.
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Table 3. Mean cover of each land cover type by grazing treatment (2008).
Mean cover (%)

Land cover class SHPG (n=50) Rest-rotation (n=50) Total rest (n=50)
Bare Ground 17.52 10.36 5.47
Shrub 11.1 11.26 13.86
Grass 13.84 8.96 12.27
Litter 18.68 12.14 8.47
Weed 4.5 12.04 12.33
Forb 5.82 6.34 4.10

In 2009, the SHPG was not grazed, which may be a factor explaining the increased grasses and forbs
compared to the summer of 2008 when the allotment had been grazed. The RESTROT pasture was
grazed in 2009 and 2008, and in this case an increase similar to that found in the SHPG treatment area
was observed. This suggests the changes observed in the SHPG pasture is attributable more to the
increase in precipitation (environmental effects) than grazing (anthropic effects). The small number of
samples in both the SHPG (n=3) and TREST (n=3) pastures in 2009 compared with the number of
samples taken from the RESTROT (n=24) pasture could also be a factor affecting the reported results.

CONCLUSIONS

The results from 2009 field season saw some dramatic changes when compared with the results from
2008. There was an increase in both grass and forb cover classes across all three grazing treatments
(Tables 2 and 3). In addition, there was also a decrease in bare ground and litter in each pasture.

Higher percentages of grass cover are very important to provide a healthy environment for both livestock
and wildlife and in 2009 there was a substantial increase in grass cover. Each allotment increased from
2008 by an average of 13.5%. The differences observed could be due to more effective grazing
treatments, but observational bias as well as environmental factors should be noted as possible influences
to changes reported from the previous year. During June of 2009, rain fell consistently at the O’Neal site,
resulting in an increase in precipitation from 2008 by 97.6 mm. This is most probably the principle factor
in the increased growth of grasses and forbs. However, further comparisons would help to better analyze
whether there were any grazing treatments effects as well.

Bare ground decreased by an average of 2.63% while litter decreased by an average of 4.44%.

Comparing the 2008 results with the summer of 2007 shows a similar trend of decreasing bare ground and
litter. The RESTROT pasture and TREST pasture both exhibited a decrease in bare ground while the
SHPG allotment maintained the same average percent bare ground from 2007 to 2008. It should be noted,
however, that not as many sample points were taken within the SHPG pasture (n=3) and TREST pasture
(n=3) as compared with the sample size from the RESTROT pasture (n=24). This could be a factor
affecting the reported results, but the general trend towards a decrease in bare ground suggests an overall
improvement. Further sampling and monitoring will more definitively indicate if these trends will
continue towards a reduction in bare ground.
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2009 Range Vegetation Assessment in the Big Desert, Upper Snake
River Plain, Idaho

Heather Studley, Idaho State University. GIS Training and Research Center, 921 S. 8th Ave,,
Stop 8104, Pocatello, ID 83209-8104

Keith T. Weber, GISP. GIS Director, Idaho State University. GIS Training and Research Center,
921 S. 8th Ave,, Stop 8104, Pocatello, ID 83209-8104. webekeit@isu.edu

ABSTRACT

V egetation data were collected at 60 randomly located sample points during June 2009. Data were collected
using both ocular estimation, line-point intercept transects, and hoop sampling to describe fuel load, percent
cover of grasses, forbs, shrubs, litter, microbia crust, bare ground, and weeds, and to assess forage availability.
Due to the increased precipitation that fell in 2009, percent bare ground was reduced in comparison to all other
years while forage availability increased substantially. Precipitation is the limiting factor in semiarid rangelands
and the relationship between forage availability and precipitation was never illustrated better than it wasin
2009. Linear regression analysis using precipitation as the independent variable and forage (kg/ha) asthe
dependent variable resulted in a strong coefficient of determination (R? = 0.93). Additional datawill be
collected in subsequent years to continue monitoring the condition of the Big Desert.

KEYWORDS: vegetation, transects, land cover
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INTRODUCTION

The study area, known as the Big Desert (Figure 1), islocated in southeast Idaho, northwest of the
American Falls Reservoir, and bordered on the west by the Craters of the Moon National Monument. The
areais managed by the Bureau of Land Management (BLM), with current and historic livestock grazing.

!Legend -
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*  Transect points ;
| Big Desert Boundary

r

Figure 1. The Big Desert region of southeastern Idaho. The boundary of the Big Desert isshown, asarethe
collection pointsfor both forage and land cover sample sites.

o

&

The Big Desert is a semiarid sagebrush-steppe ecosystem, surrounded to the north, south, and east by
agricultural lands. The dominant shrub is sagebrush, with big sagebrush (Artemisia tridentata) and three-
tip sagebrush (A. tripartita) being the most common. The herbaceous understory is comprised mostly of a
mixture of grasses such as Cheatgrass (Bromus tectorum), native grasses, and forbs. Cheatgrassisan
invasive weed that contributes to a decreased fire return interval and increased fire severity. Areas
dominated by Cheatgrass tend to show decreased species diversity and increased susceptibility to severe
soil erosion (Knapp, 1996).

The purpose of data collection at the Big Desert was to support the continued studies of the area (2000 to
2008) for use in the rangeland research program at Idaho State University's GIS Training and Research
Center (Anderson et a, 2008; Gregory et al., 2008; Russell and Weber, 2003; Sander and Weber, 2004;
Tedrow, Davis, and Weber, 2008; Underwood et a, 2008; Weber and McMahan, 2005). In this study,
land cover was estimated using line transects. and forage biomass was measured using hoop sampling.

MATERIALSAND METHODS

Land Cover Estimation

Thirty random points were generated for line transect data collection using Hawth's Analysis Tools
within ArcGIS 9.3.1. Parameters constraining the location of the random points included being 1) within
the flight line of a concurrently acquired 0.05 m aerial photography mission (located within WRS path 39
and row 30), 2) at least 70 m from anything that could be defined as an “edge” (fences, roads, permanent
trails, etc), and 3) within 750 m of aroad to aid in access. Transects were designated as either running to
the east or to the west from the plot center point, based upon which side of the flight line each point was
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located (e.g., if arandom sample point was located to the east of the center of the flight line then the
transect would be read directly to the west). This was done to ensure the entire transect would be acquired
by the aerial photography mission.

Sample points were navigated to using a Trimble GeoXH GPS receiver. A 20 m flexible tape waslaid
out on the ground from the starting point and in the designated direction (directly east or west) with the
aid of acompass. Photographs were taken using a Sony digital camerain each cardina direction, starting
at north and proceeding to photographs viewing east, south, and west. Land cover type was determined
by looking straight down at the transect tape and recording the land cover feature in the upper most
canopy and directly above the designated observation point. Observation points began at 10 cm from the
sample point (observation point one) and continued every 20 cm thereafter (observation points 2-100).
Land cover at each observation point was classified as either shrub, rock (if the rock was over 7.5 cmin
surface diameter), bare ground, invasive weed (e.g., Cheatgrass or Canadian thistle (Cirsium arvense)),
grass, forb, litter, standing dead herbaceous material, standing dead woody material (e.g., a dead tree or
sagebrush shrub till intact at the ground), or microbiotic crust. A total of 100 point observations were
made and recorded in the GPS-based field form.

Fuel load was determined by visually estimating the vegetation type and quantity in the immediate

vicinity (approximately 20 meters) of the sample point. Anderson’s (1982) fuel load classes were used
(Table 1).

Table 1. Fuel load classes used in this study.

Fuel Load Class (Tong/Acre) Description
1 0.74 Almost bare ground, very little vegetation
2 1.00 Grasses, some bare ground, few shrubs
3 2.00 Mixture of shrubs and grasses
4 4.00 Predominantly shrubs
5 >6.00 Shrubsto trees

Forage Biomass Estimation

Forage biomass was estimated at 30 sample points. These data were collected to support an herbaceous
biomass study using remotely-sensed imagery. That study required entire pixels (20m x 20m) be covered
by herbaceous vegetation and so a directed method of sampling involving travelling across the Big Desert
study areato locate suitable collection sites was employed. Sites needed to be at least 20 x 20 metersin
size, more than 70 meters from “edges’ (roads, fences, powerlines, etc), and with less than 20% shrub
cover. Adjacent sites also needed to be located at least 100 meters between site perimeters, with
preference given to locations where perimeters were >250 meters apart.

Once a suitable site had been located, a Trimble GeoXH GPS receiver was used to record the approximate
perimeter of the site. A location near the center of each site was chosen from which forage biomass data
were collected as well as photographs which followed the protocol described above. Forage was

measured following methods described by Sheley et al. (1995) and entailed the use of a hoop with a
circumference of 2.36 meters (0.44 m?) which was randomly tossed into each of four quadrants
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(northeast, southeast, southwest, and northwest) from the plot center location. All herbaceous plant
material rooted within the hoop was clipped as close to the ground as possible (approximately 6 mm),
placed in an ordinary paper bag, and weighed using a Pesola scale (+/- 19) tared to the weight of the bag.
The phenological stage of grasses within each quadrant was noted as either “Before initial growth-boot
stage”, “Headed-out boot stage to flowering”, “ Seed ripe/leaf tipsdrying”, “Leaves dry/ stems partly dry”,
or “Apparent dormancy” (Sheley et a., 1995). Sample bags were noted with sample ID, date, and
guadrant information and retained for further processing.

Forage biomass was dried in an oven for 48 hours at 75° C and re-weighed. The total, dry-weight of
forage at each sample point was converted to an estimate of forage expressed in kg/ha by multiplying the
forage weight (in grams) by 5.0262 to arrive at an estimate in |bs/acre (note: the value of 5.0262 was
derived from Sheley's"AUM Analyzer" software and is considered accurate for grassesin thisregion and
for the phenological stages observed during this sampling period). This value was then converted to kg/ha
by multiplying Ibs/acre by 1.121 (Equation 1).

kg/ha = 1.121* (5.0262* (g)) (Eq. 1)

A Trimble GeoXH GPS receiver (+/-0.20 m @ 95% Cl after post processing) was used to record the
location of each sample point (Serr et al., 2006) in latitude-longitude (WGS 84). Points were occupied
until aminimum of 60 positions were acquired and WAAS was used whenever available. All points were
post-process differentialy corrected using a constellation of GPS base stations each located <80 km from
the Big Desert study area. This technique used Trimble's H-star technology to achieve improved
horizontal positional accuracy. The sample points were projected into Idaho Transverse Mercator NAD
83 using ESRI’s ArcGIS 9.3.1 for datum transformation and projection (Gneiting, et al., 2005).

RESULTS AND DISCUSSION

Land Cover

Transect data were collected June 23-24, 2009. On average, grass was the most common cover type,
being found 22% of thetime. Grasswas also one of only four cover typesto be found at every site; the
others being forbs, litter, or patches of bare ground with no cover. Areas of bare ground with no other
cover composed about 18% of the areain the Big Desert. Weeds comprised about 16% of the land cover.
Shrubs, litter, and forbs were commonly encountered as well. The least common cover type was
microbiotic crust, which was found to cover an average of 0.2% of the Big Desert study area (Table 2).

Table 2. Percent cover by cover type. All valuesare the percent total acrossall sites (n=30). “Dead

herb.” and “ Dead wood” refer to standing dead herbaceous material and standing dead wood,

respectively. “Missing” refersto the number of timesa cover typewas not found in any of the transects.
Shrub Bare Weed Grass Forb Rock Dead Dead Micro

ground herb.  wood crust
Min 0 1 0 6 1 0 4 0 0 0
Max 47 37 52 42 30 7 25 6 4 1
Mean 145 178 162 220 108 17 144 1.8 0.6 0.2
Missing 4 14 7 0 0 14 0 11 20 25
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Land cover data from 2009 were compared with cover data from previous years by cover type. Datafor
all cover typeswere not available for all years, so focus was placed on weed, grass, bare ground, and
shrub cover types, as data for these cover types were available over the past several years.

Based upon results from 2009 transect data (n=30) weed cover has increased since 2002. Data collected
from 2002 through 2006 showed that approximately half of the time, weeds contributed < 5% of total
cover. In 2007 and 2008, more instances of weeds covering up to 25% of the landscape were reported. In
2009 very few sites had <5% weed cover, and approximately one fifth of the sites had weeds contributing
26-35% of total cover. This suggests that weeds are becoming more common in the Big Desert study area

(Figure 2).
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Figure 2. Percent cover of weeds from 2002 to 2009, divided into percent cover categoriesto better enable
comparison with other years.

Bare ground was lower in 2009 than in previous years, with most sites having <25% bare ground. In

previous years bare ground had contributed 25-75% of total land cover (Figure 3).
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Figure 3. Per centage of bare ground from 2000 to 2009, divided into percent cover categoriesto better
enable comparison with other years.

Both grass and shrub cover in 2009 appeared similar to past years, with grass averaging between 6-35%
cover and shrubs contributing to 1-25% cover. A dlight, negative correlation existed between shrub cover
and weed cover, suggesting areas with higher percentages of shrub cover have less weed cover. While
the correlation was weak (R® = 0.525), it is supported by research reported by Anderson and Inouye
(2001) from the nearby US DOE Idaho National Laboratory.

Forage

Forage biomass samples were collected July 1-9, 2009. These data were collected later in the season
because unusually heavy June rains made road travel hazardousin the study area. Most sites (60%) found
to be suitable for forage collection were dominated by Crested wheatgrass (Agropyron cristatum). Most
of these sites appeared to have been reclaimed farm land, though some were the result of reseeding
following wildfire. One-third of the sites were dominated by Cheatgrass (Bromus tectorum) and/or
tumbling mustard (Sisymbrium altissimum) while only one site was dominated by a native grass, western
wheatgrass (Pascoypyrum smithii).

Average forage weight in 2009 (1386 kg/ha) was very different compared to previous years (Table 3).
This may be attributed to avariety of interrelated factors. First, southeast Idaho experienced an unusually
high amount of rain in June of 2009. According to the Western Regiona Climate Center (WRCC), the
total monthly precipitation for June at the Craters of the Moon National Monument was 16.8 cm, almost
10 times the average of the previous eight years (WRCC 2009). Another factor was how forage data was
collected in 2009. In previous years, collection points were selected randomly. In 2009, forage sample
sites were selected using a directed method with sites selected because they had high percent cover of
homogeneous grasses and low percent cover of shrubs. As aresult, higher forage weights were
anticipated. Finally, forage collections this year included forbs such as tumbling mustard, where asin
past yearsit was principally composed of grasses.
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Table 3. Comparison of mean forage weight (kg/ha) with total precipitation for the month of June by
year (note: 2002 was omitted as no forage data was collected for that year).

Year Mean Forage Weight (ka/ha) June Precipitation (cm)
2000 290 0.2
2001 320 0.3
2002 unk unk
2003 191 0.9
2004 290 2.2
2005 488 3.6
2006 263 15
2007 590 21
2008 365 2.2
2009 1386 16.8

Note: Other factors besides precipitation, such as forage collection methodology, may have contributed to the
high forage weights collected in 20009.

When forage weights were compared with June precipitation from 2000 to 2008, only a slight correlation
was found to exist (R? = 0.34) (Figure 4). Based upon this relationship, the actual precipitation recorded
for June, 2009 was applied to the linear regression equation derived for the line of best fit (y = 67.698x +
239.59). The result of this computation predicted that the forage weight for 2009 would be 1,377 kg/ha,
whichisvery close to the actua weight of 1,386 kg/ha. This relationship illustrates the import role
precipitation playsin the vegetation characteristics of semiarid rangelands. The resulting coefficient of
determination (R?)for the relationship between precipitation (2000-2009) and mean weight of forage was
0.93.
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Figure 4. Comparison of June precipitation (cm) with forage weight (kg/ha) 2000-2008 (2002 was
omitted as no forage data were collected in that year.
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CONCLUSIONS

Transect data collected for the Big Desert study area showed that grass was the most common land cover
type. Comparisons with previousyears data show an overall increase in weed cover, aswell asa
decrease in bare ground. A slight negative correlation between shrub cover and weed cover was observed
and suggests an area of future research. Most sites used for forage collection were dominated by Crested
wheatgrass, although Cheatgrass and tumbling mustards also contributed to overall forage availability in
2009. High Junerains may have had an impact on available forage in the Big Desert study area, with
weights being the highest recorded since 2000. While changes in forage collection methodology made it
difficult to directly compare 2009 results with those collected in the past, a strong relationship (R? = 0.93)
between forage availability (dependent variable) and precipitation (independent, driver variable) was
observed and validated, suggesting the primary factor controlling vegetation characteristicsin the Big
Desert study areais precipitation. Thisrelationship islikely true of all semiarid rangeland ecosystems as
similar results have been reported in other studies (Niamir-Fuller and Turner 1999; Gregory et a. 2008).
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ABSTRACT

To better understand long term post-fire effects in sagebrush steppe ecosystems, vegetation data were
collected and analyzed during the months of June and July, 2010. The study was conducted at the O’ Neal
Ecological Reserve in southeast Idaho on rangelands managed under rest-rotation grazing. Twig samples
of both dead and live sagebrush were collected as part of this study to investigate subsequent areas of
sagebrush die-off. Twig wet weights were acquired on-site, and again after the twig samples had been
dried. Results showed alarge difference between the wet and dry weights of the live sagebrush (n =
10.4g) while samples from dead shrubs did not show asignificant difference between wet and dry weights
(n =0.6 g). Datadescribing the state of sagebrush plants were collected using ocular estimation (live or
dead). In addition, the stem diameter of sagebrush plants was collected to estimate plant age. Average age
estimations were used to compare the recovery rate of sagebrush following a 1992 wildfire. The average
age of sagebrush plants within the fire perimeter (n = 78) was compared to the age of plants outside the
fire perimeter (n = 370). Mean sagebrush age showed no difference between these areas (17.8 and 17.7
within the fire perimeter and outside the fire perimeter, respectively) indicating the sagebrush-steppe
ecosystem of the O'Neal Ecologica Reserve effectively shows no indications of the 18 year-old firein the
age stratification of sagebrush plants. This result concurs with observations from other studies suggesting
sagebrush steppe rangelands often return to a pre-fire condition within 6-10 years of the disturbance.

KEYWORDS: Age estimation, sampling, GIS, remote sensing, GPS, grazing treatment, land management
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INTRODUCTION

There are many factors that influence land cover change. Wildfire has been, and will always be, a primary
source of broad scale land cover change. In addition, grazing management decisions and practices have
also been linked to land cover change. With wildfire or grazing, a change in plant community
composition, plant structure, or ecosystem function may result in increases in bare ground and decreases
in land productivity. Theintroduction of non-native vegetation can aso lead to a degraded or disturbed
system due to the competition placed upon native plant life and the change in plant community
composition.

This paper describes the vegetation/land cover sampling performed during the summer of 2010 to support
on-going rangeland research at Idaho State University’s GIS Training and Research Center (Anderson et
al, 2008; Gregory et a., 2008; Russell and Weber, 2003; Sander and Weber, 2004; Tedrow, Davis, and
Weber 2008; Underwood et al, 2008; Weber and McMahan, 2005). Research was conducted using
random and directed sampling techniques to collect various sagebrush plant characteristics including twig
weight, plant height, and plant age. These data were used to foster a better understanding of the effect of
an 18 year-old fire (1992) at the O’ Nea Ecological Reserve (Figure 1) with potential application to other
semiarid rangelands around the world.

: . W E
Nevada | Utah 1:25,000 @

Figure 1. Thefocus of thisstudy, the O’ Neal Ecological Reserve, islocated in eastern Idaho, just south of
Pocatello.
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METHODS

Study Area

Research at the O’ Neal Ecological Reserve was conducted to determine long-term post-fire effects upon
the sagebrush shrub community. The mgjority of the study areais actively grazed in the early summer
(May), however the stocking density isvery low (6 AUD ha-1). In 2010, two treatments were sampled;
rest-rotation grazing (RESTROT) and total rest (TREST). After comparing severa metrics from each of
these areas we made various inferences which may shed light upon relationships between the measured
variables and thereby aid range managers in making decisions about long term post-fire management as
well as prescribed/ targeted grazing.

Field Data Collection

Two sampling sessions were completed during the summer of 2010. The first session, consisted of
randomly located sample points based on criteria determined prior to data collection and following
protocols described at http://giscenter.isu.edu/research/Techpg/nasa_postfire/results.ntm. This criteria
ensured that all points were 10 meters from an edge (road, trail, or fence line). There were 60 random
points generated throughout the O’ Neal study area,

These sample points were navigated to using a Trimble GeoXH GPS receiver (< 1.0 m @ 95% Cl). This
point was considered plot center. Photographs were taken using a Sony digital camerain each cardinal
direction, starting with aview to the north and proceeding to photograph the eastern, southern, and
western horizons. The site was then classified as being representative of a homogeneous live-sagebrush
stand or a homogeneous dead-shrub stand. This was determined by predetermined standards for
homogeneity based on the Data Collection Protocol. If the site was considered a dead-shrub stand, then
the gpatia extent of the homogeneous area was determined using a tape measurements to accurately
determine the corresponding homogeneous pixel size, for example if the area was approximately 30 m x
30 mor larger in size, it was considered consistent with alLandsat 5 TM pixel. Similarly, sites could be
classified as consistent with SPOT 5 (10 m x10 m or larger), or Quickbird/Worldview2 (2 mx 2 m or
larger) (Hanson, 2010). Thelargest area of homogeneous consistency was recorded for each site. In
addition, sagebrush twig samples were clipped from up to four sagebrush plants at each site and weighed
using a Pesola scale (+/- 1 g). Selected twigs were approximately 5 mm in diameter and approximately
250 mm in length. A total of 30 live-sagebrush twig samples were taken as well as 30 dead-shrub twig
samples. These samples were placed in a bag, labeled with a unique ID consisting of the sample point 1D,
date, and sequence (1-4) and returned to the laboratory for further analysis.

Maximum stem diameter of sagebrush plants were measured and recorded to estimate sagebrush age. A
maximum of four samples were collected at each sample site with one taken from the nearest sagebrush
plant in each quadrant (NE, SE, SW, and SE) arranged over plot center. Sagebrush age was estimated by
measuring the maximum basal stem diameter using calipers. Sagebrush age was estimated following
Perryman and Olson (2000) and Narsavage and Weber (2002) (equation 1).

Age = 6.1003 + 0.5769(diameter) (Eq. 1)

An insufficient number of dead sagebrush sites were found during theinitial sampling session (n = 13)
and as aresult, a directed sampling approach was used in the second sampling session. The directed
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sampling approach is one where field personnel use their knowledge of the study areato locate additional
sample sites. While this approach introduced a bias into the sample dataset it was effective for locating
uncommon targets such as homogeneous stands of dead shrubs. When a new site was located, the same
sampling protocol as described above was followed. The goal of the field collection campaign wasto
collect a minimum of 60 live- and 60 dead-sagebrush sites, each of which was homogeneous at one of the
following spatial scales: 5 m?, 100 m?, or 1000 m?. These spatial scales are equivalent to imagery
collected by the WorldView2/Quickbird, SPOT 5, and Landsat satellites, respectively.

Laboratory and Statistical Analysis

All sagebrush twig samples (n = 60) were oven-dried at 75° C for 48 hours and re-weighed. These data
were recorded in aM S Excel spreadsheet along with the wet-weight of each individual twig. Percent
water content was then calculated and analysis of variance (ANOV A) used to determine if a difference
existed in moisture content of live- and dead-sagebrush plants.

RESULTS

A total of 119 sample siteswere collected in this study. Twenty of these samples were located within the
1992 fire perimeter of the O’ Neal Study Area and 99 were located outside of the fire perimeter. A
maximum of four sagebrush stem diameter measurements were taken at each site to cal cul ate sagebrush
ages (n = 78 and 370, respectively). Based upon sagebrush diameter measurements the mean age of all
plants was 17.8 years. The oldest sagebrush plant recorded was located outside the 1992 fire perimeter
and was 50.5 years whil e the youngest sagebrush plant recorded (7.8 years) was located within the 1992
fire perimeter (Table 1).

Table 1. Sagebrush age estimates at the O'Neal Ecological Reserve based upon 2010 field sampling relativeto
the 1992 wildfire.

Within fire perimeter Outsidefire perimeter
n 78 370
Minimum age 7.8 84
Maximum age 41.8 50.5
Mean age 17.8 17.7

The mean age of sagebrush plants within the fire areadid not differ greatly from mean sagebrush age
outside the fire area (P = 0.048; Pqiicas = 0.01). The distribution of sagebrush plant age was concentrated
largely among plants 10-20 years old both within the 1992 fire areas (Figure 2) and outside the fire area
(Figure 3).
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Figure 2. Agedistribution of sagebrush plantswithin the 1992 wildfire area.
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Figure 3. Agedistribution of sagebrush plantsoutside the 1992 wildfire ar ea.

Results of twig weight analysis showed a substantial difference between wet and dry weights of live
sagebrush twig samples (Figure 4), but only a minor difference between wet and dry weights from dead
shrub twig samples (Figure 5). Resultsof single-factor ANOVA tests indicate the wet wei ghts between
the two twig type groups (live and dead samples) were significantly different (P < 0.001) as were the dry
weight comparison between the two twig type groups (P < 0.001). The results also showed alarge
difference between the average wet and dry weights of live sagebrush twigs (n = 10.4 g) while dead shrub
twig samples did not show a difference in mean weight (n = 0.6 g).
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Figure 4. Comparison of wet and dry weights of live sagebrush twig samples (grams).

30

25

20

15 B Wet Dead Wt

B Dry Dead Wt
10

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29

Figure 5. Comparison of wet and dry weights of dead sagebrush represented in grams.

CONCLUSIONS

The results from the 2010 field season revealed no appreciable difference in sagebrush plant age within
and outside the 1992 fire area. In essence it appears that after 18 years, the rangeland ecosystem has
recovered to pre-fire conditions save for the absence of some old individual plants. Sagebrush twig weight
analysisindicated a significant difference between live and dead shrub twig weights which islikely
attributable to a much higher water-content present in the live sagebrush plants. This physical difference
between living and dead sagebrush plants may provide a potential to differentiate stands of living and
dead sagebrush plants by leveraging the water-sensitive short wave infrared portions satellite sensors like
Landsat and SPOT5. Additional research is required to determine if this potentia can be fulfilled.
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ABSTRACT

The spectra reflectance of a ground target can be greatly influenced by atmospheric conditions and
airborne particles before reaching a satellite-based sensor. For thisreason, compiling a spectra library
characterizing target spectra can be useful in later classification of remotely sensed imagery. Spectral data
were collected for five ground target classes (basalt, bare ground, grass, dead-shrub, and live-sagebrush)
during July, 2010 (n = 2,565). Datawere collected using an Analytical Spectral Devices, Inc. (ASD)
FieldSpec® Pro Spectroradiometer and imported into Microsoft Excel for further processing. Spectra
were sorted by target type and wavel ength. Descriptive statistics were cal culated, and mean spectral
reflectance values for each target were used to calculate a pairwise single-factor Analysis of Variance
(ANOVA) comparing the spectra of dead shrubs to each of the other four targets types to determine if
dead woody shrubs could be differentiate from the matrix of other rangeland features (e.g., basalt, bare
ground, grass, and live-sagebrush). In each case a statistical difference was observed (P < 0.001) between
pai rwi se samples suggesting further differentiation with satellite sensors may be possible. Calculated
variability of spectrawithin each target type is narrow providing additional supporting evidence that
differentiation is possible.

KEYWORDS: Sagebrush, sampling, GIS, remote sensing, field spectroscopy, shrub die-off,
spectroradiometer
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INTRODUCTION

Sage Grouse (Centrocercus urophasianus) are a sagebrush-obligate species requiring large, contiguous
expanses of habitat. While the quantity or area of available habitat isimportant, so too isthe quality of the
available habitat. Recent land cover maps typically describe sagebrush dominated areas and treat al these
areas as viable Sage Grouse habitat. However, large areas of dead sagebrush sometimes occur which may
lead to an overestimation of total habitat available to the Sage Grouse. Sagebrush (shrub) die-off in
semiarid rangelands was a widespread phenomenon in the salt-desert region of Utah between 1983 and
1988 due to extremely wet seasons (Wallace et al., 1989). Though this phenomenon is known to occur
throughout the semiarid sagebrush-steppe, published reports pertaining to this phenomenon in southeast
Idaho islimited. Shrub die-off affects the quality of Sage Grouse habitat asit impacts their primary food
source and a source of shelter. The ability to differentiate dead shrubs from other ground cover targets
with remotely sensed satellite imagery would allow land managers to better assess the quality of Sage
Grouse habitat across their range.

Aside from monitoring Sage Grouse habitat however, positive identification of dead shrub during image
classification would provide new insight into the capabilities of remote sensing technologies. This study
determined whether stands of dead shrubs can be accurately delineated using geospatial technologies
beginning with the characterization of target spectrain thefield.

Field spectrometry is the quantitative measurement of radiance, irradiance, reflectance or transmission in
thefield (Curtiss and Goetz, 1994). Field spectroradiometers have awide range of useful applications
from aiding understanding of how an object of interest (i.e., target) might be detected using remote
sensing, to collecting data that will serve as a spectral library for more precise image analysis and
interpretation.

Atmospheric scattering and the signal to noise ratio (SNR) of a sensor can interrupt or alter spectral
reflectance of atarget. Scattering occurs when reflected light strikes other particlesin the atmosphere
before reaching the satellite sensor. The type of scattering (Rayleigh, Mie, or Nonselective) is dependent
upon the size of particlesin the atmosphere, their abundance, the wavelength of the reflected light, and the
depth of the atmosphere through which the energy istraveling (Campbell, 2008). Rayleigh scatteringis
attributed to atmospheric gas molecules and cause visible effects such as a blue sky. Mie scattering
occurs when particles have diameters that are roughly equivalent to the wavel ength of the scattered
radiation, and is experienced primarily in the lower atmosphere through larger particles such as dust or
pollen. Nonselective scattering accounts for what we observe as a whitish haze in the atmosphere, and
refers to scattering that occurs from particles larger than the wavelength of the scattered light (Campbell,
2008). The SNR of a particular sensor can aso influence the ability to discriminate field targets. The
signal refersto differences in image brightness caused by actual variations in scene brightness whereas
noise refersto variations unrelated to scene brightness, and more with errors inherent in the sensor itself.
If the magnitude of noiseislarge relative to the signal, resulting imagery image will not provide areliable
representation of the target of interest (Campbell, 2008). For this study, in situ spectra were collected
from five target types (basalt, bare ground, grass, dead shrub, and live sagebrush) to produce a spectral
reference library of ground cover types throughout the O’ Neal study areain southeast Idaho. These data
were analyzed to determine feasibility of target differentiation between dead shrubs and the matrix of
other sagebrush-steppe plants and landscape features present at the study area.
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METHODS

Study area

The O’'Ned Ecologica Reserve (Figure 1) islocated along the Portneuf River, approximately 30 km
southeast of Pocatello, Idaho (42° 42' 25"N, 112° 13' 0" W). The O’ Nea receives <0.38 m of
precipitation annually with nearly 50 percent falling as snow in the winter months (October 1- March 31).
An average of 0.15 m (SE = 55.4) of rainfall occurs during the growing season (April 1 — September 31).
The topography isrelatively flat with a mean elevation of approximately 1426 m (1400-1440 m).

The siteis characterized by shallow, well drained soils over basalt flows originally formed from
weathered basalt, loess, and silty aluvium that remain homogenous throughout the site (USDA NRCS
1987; Weber and Gokhale 2010). Dominant plant species include big sagebrush (Artemesia tridentata)
with various native and non-native grasses, including Indian rice grass (Oryzopsis hymenoides) and
needle-and-thread (Hesper ostipa comata) (Weber et a. 2010). The O’ Neal is managed by Idaho State
University (ISU) while land immediately surrounding it is managed by the USDI BLM. Thisareahas a
history of rest-rotation cattle grazing (> 20 years) at low stocking rates (300 AU/ 1467 ha[6 AUD ha-1)).
Prior to 1ISU management, no fences existed to restrict movement of cattle from the adjacent USDI BLM
grazing allotment to the O'Neal study area. In 2005, the site was fenced providing areas of grazing and
total rest. Thelast fire to occur within the O’ Neal wasin 1992.

Figure 1. Research study area: The O’ Neal Ecological Reserve, represented by the polygon, islocated near
M cCammon, | daho.

Field Spectroradiometer

An ASD FieldSpec® Pro Spectroradiometer was used to collect target spectrainthefield. The FieldSpec
Pro model was used to record rel ative spectra reflectance at wavelengths ranging from 350 - 2500nm.
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Spectra irradiance for targets was collected using a bare fiber optic sensor and then converted from raw
digital number (DN) to relative reflectance values using ViewSpec®Pro software.

Field Sampling

Thirty sample sites were visited for each of five target categories (basalt, bare ground, grass, dead shrub,
and live sagebrush) representing the primary ground cover types found at the O’ Neal study area. Directed
sampling was used to |locate representative targets and capture the variability in reflectance of these
targets.

All spectrawere collected + 1 hour of solar noon from 9 July 2010 to 12 July 2010. A calibrated diffuse
white reference panel was used to optimize the sensor to sky/weather conditions on each day of the
collection. The pistol grip fiber optic cable sensor attached to the ASD was pointed approximately at nadir
above targets at a distance of approximately 60 cm. The bare fiber optic cable used represented afield of
view (FOV) of 60 cm. When nadir perspective was inaccessi ble (such as when we approached shrubs or
rock faces that exceeded our own height), the sensor was pointed toward targets at an angle, however this
angle never exceeded 90° from nadir. At each site, aminimum of 15 spectra were collected consecutively
resulting in atotal of 2565 spectra collected (a minimum of 450 spectra per target class). Data were
downloaded and processed at ISU’s GIS Center using Microsoft Excel to sort reflectance data according
to target type and wavelength.

Analysis of Spectra

Spikesin reflectance associated with atmospheric water absorption bands were removed from all further
analysis of target reflectance. Absorption bands included wavelengths from 1300nm to 1550nm, 1750nm
to 2080nm, and from 2350nm to 2500nm. Descriptive statistics were calculated for each target type
describing mean reflectance and standard deviation among samples. Mean reflectance for each target were
plotted on aline graph along with the variability in spectra (mean +/- 2 S.E.) and used to interpret the
spectrafor potentia differentiation.

Statistical Analysis

To determineif differences exist between dead shrub and the other target spectra, pairwise single-factor
ANOVA tests were used. The ANOVA isadtatigtical test which compares varying observations and
describes how much the observations differ from the sample mean. Variability (@ 95% CI) within each
target spectra was cal culated by multiplying the standard error of each target spectra by 1.96 (or the z-
score for a 95% confidence interval). These values were then applied to the cal culated mean of each target
type at each wavelength and plotted on aline graph. Targets were considered differentiable when
separated by > 1.96 standard errors.

RESULTS AND DISCUSSION

Approximately 500 spectrawere collected for each target type (bare soil [n = 525], basalt [n = 525], grass
[n =525], live sagebrush [n = 495], and dead shrub [n = 495]). Using visual anaysis of the spectra
(Figure 2), it seems that wavel engths having the greatest potential for differentiation of dead shrubs from
other target types occur between 700 and 2500nm. These observations suggest that optimal spectral
differentiation between dead shrubs and the four other target types might occur within those wavel engths
associated with the red and infrared portions of the electromagnetic spectrum.
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Figure 2. M ean reflectance for basalt, bare ground, grass, dead shrub, and live sagebrush at the O’ Neal
Ecological Reserve.

Pairwise ANOVA tests reveaed statistical difference between mean spectral responses (P < 0.001) (Table
1). Thisresult suggests differentiation is possible between target types within the study area. Calculated
variability for each target reveal s that spectra are sufficiently separated to support the initial conclusion
that differentiation between targetsis possible (Figure 3).

Table 1. Results of pairwise ANOVA tests between mean reflectance of dead shrub and four other common
ground tar gets (basalt, bare ground, grass, and live sagebrush) (F-critical = 3.84)

Target P-Value F-Value
Basalt <0.001 269.39
Bare Ground <0.001 4456.30
Grass <0.001 519.49
Live Sagebrush <0.001 95.71
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Figure 3. Variability in target spectra are shown asthe approximate minimum and maximum reflectance (@
95% CI) based upon mean reflectance +/- 2 standard deviations.

CONCLUSIONS

Pairwise ANOV A results from the spectrometry data collected during the 2010 field season demonstrated
statistical difference between mean reflectance of dead shrub and each of the other four target spectra (P <
0.001). Thissuggests that differentiation of dead shrubs from the other ground target types was possible.
The variability in spectral reflectance within each target type further supports the conclusion that
separation is possible because there are specific wavel engths/ wavebands where dead shrub spectra are
distinct among the other target spectra. However, influences such as atmospheric scattering (Rayleigh,
Mie, Nonsdlective) and the signal to noise ratio (SNR) of a satellite sensor could make differentiation of
dead shrubs extremely difficult. Aside from these potential influences, the greatest potential for
differentiation appears to occur at approximately 950 nm to 1300 nm, 1550 nm to 1750 nm, and 2080 nm
to 2350 nm wavelengths.

Field spectral data collected for ground targets with a handheld sensor may not correspond perfectly with
spectral data collected by satellite sensors because reflectance val ues collected from a ground perspective
do not undergo as much atmospheric influence. For many satellite sensors, there is a much larger FOV
per pixd than for handheld spectroradiometers, so there is much more opportunity for adjacent objects, or
underlying objects with stronger spectral reflectance characteristics to influence the overall reflectance
received at the sensor. While areference library for target spectral reflectance can be useful in isolating
wavelengths where spectral differentiation seems likely, spectra collected with a handheld sensor should
not be expected to perfectly correspond to a satellite sensor.
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Field spectrometry can be very useful for aiding in understanding how an object of interest might be
detected using remote sensing or serving as a spectral reference library for more precise image analysis
and interpretation. This study represents only one part of alarger scientific anaysis attempting to
accurately classify dead shrubs using satellite imagery. Shrub die off is a phenomenon that affects the
quality of Sage Grouse habitat and if it is possible to detect dead shrubs with remotely sensed imagery,
this would represent an important management opportunity.
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ABSTRACT

ResourceSat-1 is a designated alternative to Landsat should the existing TM (Thematic Mapper) and
ETM+ (Enhanced Thematic Mapper Plus) sensorsfail prior to the successful launch of Landsat 8 in late
2012. However, to enable integration of ResourceSat-1 into the many existing long-term Landsat projects
around the world, practicable similarity must be demonstrated. To quantify the potential for ResourceSat-
1 to satisfy some of the needs of the remote sensing community, Normalized Difference V egetation Index
(NDV1) values derived from Landsat-5 were compared to NDV | values derived from ResourceSat-1. An
intercalibration equation was derived which converts ResourceSat-1 NDV | values to equivalent Landsat-5
NDV1 values thereby enabling direct comparison between the two sensors. Comparisons were made using
imagery spanning athree-year time period. Prior to intercalibration, NDV | values were highly correlated
(mean R? > 0.73) but statistically different (P< 0.001). Following intercalibration, the resulting indices
were dtatistically inseparable (min P = 0.56). The intercalibration technique described in this paper
represents an easily repeatable process which demonstrates practicable similarity between ResourceSat-1
and Landsat-5 imagery.
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INTRODUCTION

Medium resolution earth imaging sensors have become an integral part of land cover analysis and change
detection in many land management agencies and research ingtitutions. Landsat imagery in particular has
contributed to over 35 years of continuous earth imaging and still plays a prominent role in research and
management (Cohen and Goward, 2004; Leimgruber et al., 2005; Williams et ., 2006). However, the
National Research Council of the National Academies recently chronicled the dire condition of the United
States' earth imaging satellite fleet as well as the political and financial challenges facing current and
future earth imaging programs (National Research Council, 2007). An additiona concernisthe
likelihood of the current Landsat satellites failing prior to the launch of Landsat 8, late in 2012 as both
Landsat-5 and Landsat-7 have exceeded their mission lifetimes (USGS, 2004 and USGS, 2008). It isthis
situation which has spurred National Aeronautics and Space Administration (NASA) scientists to identify
active earth imaging sensors that are comparable to Landsat, and able to fill the gap in earth imaging
capabilities should the need arise (Chander et a., 2008; Wulder et al., 2008).

LANDSAT PROGRAM STATUS

NASA started the Landsat program with the launch of Landsat 1 on July-23 1972. Thisand the
subsequent launch of additional Landsat satellites have resulted in over 35 years of continuous earth
imaging from these sensors. Landsat-5 was launched in 1984 with adesign life of 3 years. It carried the
Thematic Mapper (TM) sensor, which is comprised of seven operational bandsincluding threein the
visible portion of the electromagnetic spectrum (Table 1). Landsat-7 was launched in 1999 with adesign
life of 5 years. It carried the Enhanced Thematic Mapper Plus (ETM+) sensor, which is comprised of
eight operational bands including three in the visible portion of the electromagnetic spectrum.

Table 1. Landsat-5 Thematic M apper (TM) and ResourceSat-1 LISS|11 spectral and spatial characteristics.
Temporal resolution of Landsat-5 = 16 days, swath width = 185km, and 30 m spatial resolution on bands 1-5
and 7. Resour ceSat-1 temporal resolution = 24 days, swath width = 141km, and 23.5 m spatial resolution on

all bands.

Band Landsat-5 Spectral Resour ceSat-1 Spectral
Resolution (pm) Resolution (pm)
1 0.45-0.52 -
2 0.52-0.60 0.52-0.59
3 0.63-0.69 0.62-0.68
4 0.76-0.90 0.77-0.86
5 155-1.75 1.55-1.70
6 10.40-12.50 -
7 2.08-2.35 -

In the joint opinion of NASA and the USGS, it is*“likely and expected” that either Landsat-5 or Landsat-7
could fail at any moment (USGS Remote Sensing Technologies Project: Landsat Data Gap Studies, 2008)
as indeed, neither satellite is functioning properly at thistime. For example, the batteries on Landsat-5 run
too low during its June, July, and August transits over the southern hemisphere resulting in only the far
northern portions of Australia being imaged during those months (Geoscience Australia, 2008). In
addition, the Enhanced Thematic Mapper Plus (ETM+) instrument onboard Landsat-7 has a Scan Line
Corrector (SLC) failure (USGS, 2003) and has operated in “ SLC off” mode since May of 2003. The result
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of thisfailure isthat some areas are imaged twice, while other areas are not imaged at al, leaving up to
one fourth of a scene missing (Markham et al., 2004). While the resulting data gaps can be filled using
data from other dates, thisis not a satisfactory solution for many scientific applications as this introduces
temporal inconsistencies (minimum 16 days) into the imagery.

LANDSAT DATA GAP STUDY TEAM

NASA and the USGS have recognized the potential earth imaging data gap and in response, formed the
joint Landsat Data Gap Study Team (LDGST) in 2005. The study team identified candidate platforms that
would help reduce the impact of a data gap until the Landsat Data Continuity Mission (LDCM) (i.e.,
Landsat 8) would launch late in 2012 (Chander, 2007). In the LDGST study, two potential gap-fill
sensors, the Indian ResourceSat-1 (Linear Imaging Self Scanning I11 [LISS-111]) and the China-Brazil
Earth Resources Satellite (CBERS-2) were selected. Following this selection, an interagency Data
Characterization Working Group (DCWG) was formed and tasked with assessing the potential of these
sensorsto mitigate a possible Landsat data gap.

Of the DCWG' s two sensor recommendations, ResourceSat-1 (Table 1), was considered the sensor that
provided the best combination of Landsat-5 like data, capabilities, spectral band characteristics, and data
accessibility and hence, was considered best able to fulfill immediate data needs with minimal
complication (Chander, 2007; Teillet, 2008). It isfor this reason that the present study focuses upon
ResourceSat-1 and specifically its LISS-I11 sensor.

NORMALIZED DIFFERENCE VEGETATION INDEX

The Normalized Difference Vegetation Index (NDV ), derived from the red and near-infrared bands
common to many sensors, is awidely used numeric indicator of photosynthetically active green
vegetation used to estimate biomass, plant productivity, and vegetation cover (Tucker, 1979). It has been
shown that NDV | values are not identical across sensors due to uncertainties related to viewing angle,
atmospheric conditions, and spectral band difference effects (Teillet et a., 1997, 2006; Goetz, 1997; van
L eeuwen, 2006). However, vegetation indices are relatively insensitive to uncertainties in atmospheric
corrections and differencesin satellite viewing angle and thereby provide the means for direct comparison
between sensors (Steven et al, 1998, 2003). This elimination of several potentially confounding factors
makes the use of NDV 1 ideal for intercalibration testing.

Landsat-5 and ResourceSat-1 share many spectral, spatial, and temporal characteristics (Table 1). Among
the strongest similarities are near coincident spectral bandwidthsin the red, near infrared (NIR), and
short-wave infrared (SWIR) regions of the el ectromagnetic spectrum. Because NDV 1 is derived from red
and near infrared bands only, much of the potential spectral band difference effects caused when using the
green and blue bands in other vegetation indices such as atmospherically resistant vegetation index
(ARVI) and maodified triangular vegetation index 2 (MTV12) are avoided (Teillet, 2008). The dight
differences in swath width and spatial resolution of both sensors were not directly considered in this
study, but might have practical effects regarding the extent and characteristics of targeted areas of

interest. The eight-day difference in the temporal resolution of these two sensorsis of practical concern as
it limits the number of cloud free scenes available over the course of a growing season.
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The main objective of this study was to compare Landsat-5 with ResourceSat-1 and determine an
intercalibration correction between the sensors. Random point sampling of heterogeneous semiarid
landscapes allowed for afull range of NDV I valuesto be used in the devel opment of the intercalibration.
In light of potential Landsat program data gaps and given the importance of NDVI in research and land
management decisions, these techniques provide a simple but robust procedure for providing reliable
intercalibration of NDV I from one sensor to the other.

METHODOLOGY

Study Area

L andsat-5 and ResourceSat-1 imagery was acquired for a study area covering approximately 17,000 km?
in southeast Idaho, USA (112° 27' 44" W and 43° 00' 12" N) (Figure 1). All Landsat-5 scenes used in this
study were acquired for path 39, row 30 with spatially coincident ResourceSat-1 scenes acquired for path
253, row 39. The landscape imaged in these scenes included semiarid sagebrush-steppe, active and fallow
agricultural fields, high altitude coniferous forests, several large reservoirs, lava flows, and various towns
and cities, resulting in a highly heterogeneous study area.
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Figure 1. Study areain Southeast Idaho, USA used to compare Resour ceSat-1 and L andsat-5 NDVI values.

DATA SOURCESAND PREPARATION

Three Landsat-5 scenes were acquired for this study (August 13, 2005, July 15, 2006, and September 20,
2007) along with three ResourceSat-1 scenes (August 20, 2005, July 22, 2006, and September 3, 2007).
These images formed the basis of the three annual cross-sensor comparisons used in this study.
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All imagery were atmospherically corrected using the Cos(t) technique (Chavez, 1996) in Idrisi Andes.
NDVI layers were created and subsequently georectified against 2004 National Agriculture Imagery
Program (NAIP) natural color aeria imagery (1 mx 1 m pixels). Resulting RM SE was < 1/2 pixel
(Weber, 2006) (x RMSE = 8.2 m and 6.5 m for Landsat-5-derived NDV | layers and ResourceSat-1
derived NDV I layers, respectively). Each of the three image pairs (i.e., NDVI layers from 2005, 2006,
and 2007) were then co-registered to each other with aresulting mean RM SE of 7.4 m. Paired Landsat-
5/ResourceSat-1 layers were clipped to a coincident area and all cloud cover was removed by manually
digitizing a cloud mask layer (Figure 2), resulting in an area of interest (AOIl) used throughout this study.
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Figure 2. Example of combined cloud mask, sample pointsand coincident area between 2005 L andsat-5 and
Resour ceSat-1 scenes.

Weber (2006) reported the importance of identifying the same target pixel when comparing imagery and
the need to evaluate co-registration error. Co-registration error between Landsat-5 and ResourceSat-1
image pairs was independently verified using the Georeferencing extension in ArcGIS 9.3. Using 20 well-
defined and recognizable features with the image pairs (n = 10 [2005], n= 5[2006], and n= 5[2007]),
resulting mean RM SE was 8.67 m.

SAMPLING AND STATISTICAL ANALYSIS

For each of the three annual image pairs, 500 development random sample points within the AOI of each
image pair were generated using Hawth's Toolsfor ArcGIS 9.3. The pixel value at each sample point was
extracted from both the Landsat-5-derived NDV 1 layers and the ResourceSat-1 derived NDV I layers
using the "Sample" tool in ArcGIS 9.3, creating atable of NDVI values for statistical comparison
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(n=1500 records). Linear regression analyses were used to cal culate the coefficient of determination (R?)
between NDV 1 values and find the dope and Y -intercept between each image pair. Mean slope and
intercept of the three image pairs were calculated and the resulting regression equation was then used to
intercalibrate ResourceSat-1values to a Landsat-5 equivalent.

To test the intercalibration equation, NDV I values at 500 independent random sample points were
extracted from each image pair using the sample tool in ArcGIS 9.3. The intercalibration equation was
applied to ResourceSat-1 NDV I values and then compared to origina Landsat-5 derived NDV I values.
Linear regression analyses were used to determine the correlation coefficient and Analysis of Variance
(ANOVA) was used to test for statistical difference between NDV I values both before and after
intercalibration.

RESULTSAND DISCUSSION

Scatter plots with correlation coefficients for 2005, 2006, and 2007 image pair comparisons demonstrate
inherent similarity between Landsat-5 and Resource-1 NDV | values even when comparisons included 17-
day differences between image acquisitions (Figure 3).
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Figure 3. Distribution and correlation of Landsat-5/Resour ceSat-1 NDVI valuesfor (a) 2005; (Landsat-5) —
(ResourceSat-1) time difference = -7 day, (b) 2006; (L andsat-5) — (Resour ceSat-1) time difference =—7 day,
and (c) 2007; (Landsat-5) — (Resour ceSat-1) timedifference= + 17 day.

In each, NDV I values extracted from ResourceSat-1 are shown on the X-axiswith NDV1 values
extracted from Landsat-5 given on the Y-axis. Outliersin Figure 3 are largely the result of anthropogenic
effects on the environment that occurred between the image pair dates, for example, reservoir drawdown
for agricultura irrigation and agricultura harvest. From these data, the mean slope (1.0502; SE = 0.031)
and Y -intercept (0.177633; SE = 0.009) and used to form an intercalibration equation (Equation 1).

Intercalibrated NDVI,  go—s = 1.0502 % NDVIgoowcasas—1 + 0.177633 (1)

Prior to intercalibration NDV1 values from Landsat-5 and ResourceSat-1 were highly correlated
(minimum R? > 0.56) but statistically different (P < 0.001). As aresult, the NDV values from one sensor
could not be compared directly to the values from the other sensor. Following intercalibration, the
resulting NDV | values were statistically inseparable (minimum R? > 0.53 and minimum P = 0.56) (Table
2).

Table 2. Coefficient of determination and probability valuesfor pre- and post-inter calibrated NDVI values

P-value
Y ear R? Pre-intercalibration Post-inter calibration
2005 0.83 < 0.001 0.61
2006 0.84 < 0.001 0.66
2007 0.58 < 0.001 0.56

This study demonstrated the ability to develop effective intercalibrations between Landsat-5 and
ResourceSat-1 over large heterogeneous regions using imagery acquired over a17 day interval. This
study builds upon and broadens the application of other studies that derived intercalibrations under more
homogeneous conditions. For instance, Chander et al. (2008) used near simultaneous image pairsto
compare the average of paired homogeneous areas and reported R? val ues between Landsat-5 and
ResourceSat-1 of 0.99 for every band, with differencesin reflectance across al bands of approximately
13%. The techniques described in this paper use only simple spatial and statistical tools to derive an
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effective intercalibration equation that is easily repeated and does not require field spectroradiometer data
(Steven et dl., 2003).

Co-registration errors may lead to erroneous intercalibration of the imagery. Weber et al. (2008) highlight
the importance of considering co-registration and independent verification of co-registration error
performed in this study revealed the RM SE for 2005, 2006, and 2007 were 6.99, 10.62, and 10.10 m
respectively, The weighted mean RM SE was 8.67. Consequently, it is highly probable that the pixel
values used this study were extracted from pixels representing the same land features and locations on the
earth's surface as the observed RM SE values imply precise co-registration between Landsat-5 and
ResourceSat-1 image pairs.

CONCLUSIONS

The importance of medium resolution earth imaging satellites for land cover analysis and change
detection, combined with the tenuous status of active Landsat satellites, make studies such as the one
presented in this paper timely and valuable. This study produced an easily repeatable and accurate region-
specific intercalibration of ResourceSat-1 NDV | to its Landsat-5 equivalent (R* > 0.85). The process
described in this paper illustrates that intercalibrated NDV 1 is resilient to tempora variations
(intercalibrations were based upon 7-17 day differences), as well as spectral band differences. Replication
of this techniquein other regions will aid scientists contending with the potential Landsat data gap or
otherwise needing to compare values from one sensor to another.
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ABSTRACT

In order to monitor wildfires at broad-spatia scales and with frequent periodicity, satellite remote sensing
techniques have been used in many studies. Rangeland susceptibility to wildfires closely relates to
accumulated fuel load. The normalized difference vegetation index (NDV1) and fraction of
photosynthetically active radiation (fPAR) are key variables used by many ecological modelsto estimate
biomass and vegetation productivity. Subsequently, both NDVI and fPAR data have become an indirect
means of deriving fuel load information. For these reasons, NDV1 and fPAR, derived from the Moderate
Resol ution Imaging Spectroradiometer (MODIS) onboard Terraand Landsat Thematic Mapper (TM)
imagery, were used to represent pre-fire vegetation changes in fuel load preceding the Millennial and
Crystal Fires of 2000 and 2006 in the rangelands of southeast Idaho, respectively. NDVI and fPAR
change maps were calculated between active growth and late-summer senescence periods and compared
with precipitation, temperature, forage biomass, and percent ground cover data. The resultsindicate that
NDVI and fPAR change values two years prior to the fire were greater than those one-year prior to fire as
an abundance of grasses existed two years prior to each wildfire based upon field forage biomass
sampling. NDV1 and fPAR have direct implication for the assessment of pre-fire vegetation change.
Therefore, rangeland susceptibility to wildfire may be estimated using NDV I/fPAR change anaysis.
Furthermore, fPAR change data may be included as an input source for early fire warning models, and
may increase the accuracy and efficiency of fire and fuel load management in semiarid rangelands.

KEYWORDS: NDVI, fPAR, fuel loads, biomass burning, remote sensing, ldaho

47



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

INTRODUCTION

Rangelands refer to expansive, mostly non-cultivated, non-irrigated, and non-forested lands that include
grasslands, savannas, and shrublands where livestock grazing is a common land use. Rangelands cover
approximately 40% of the Earth’sterrestrial surface and play an important rolein global ecosystem
productivity (Breman and de Wit 1983; Huntsinger and Hopkinson 1996). Wildfires are common in
rangelands worldwide and have significant effects on rangeland ecosystem balance with the most obvious
effect being direct impact on vegetation communities (Mutch 1970; Pierson et al. 2002; West and Y orks
2002; Taylor 2003). In awild land fire, fuel is composed nearly entirely of vegetation and severe fires can
leave entire landscapes devoid of vegetative cover, resulting in numerous significant climatic, ecological,
and hydrologic hazards (Pierson et al. 2002; Hilty et al. 2004; Callins et al. 2006). In addition, biomass
burning is recognized as an important source of trace gases to the atmosphere, such as carbon dioxide,
methane, carbon monoxide, nitrogen dioxide and non-methane hydrocarbons (Crutzen et al. 1979;
Greenberg et al. 1984). These trace gases' compounds may trap the heat radiated by the earth and
contribute to the greenhouse effect (e.g. average annua CO, emissions from firesin the lower 48 states of
U.S. are approximately 213 Tg CO, yr-1 from 2002-2006) (Houghton 1992; Wiedinmyer and Neff 2007
EPA 2008). Furthermore, following a fire, vegetation communities may transition to a very different
community type due to invasions by non-native species resulting in avariety of propagated indirect
effects (Thomas and Davis 1989; Hilty et al. 2004).

Satellite remote sensing is an evolving technology providing regional and global imagery that has been
used for many wildfire studies (Fernandez et al. 1997; Miller and Y ool 2002; Wooster et al. 2003; Lentile
et al 2006 Weber et al. 2008b). These studies include both observational and model ed data and have been
conducted on active fires and for detecting post-fire burn extent. For example, National Oceanic and
Atmospheric Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR) imagery
has been used to detect and map fire growth (Kennedy et al. 1994; Fernandez et al. 1997; Pozo et al. 1997;
Siegert and Hoffmann 2000). MODIS imagery provides thermal anomalies/fire products to meet the
reguirements of understanding the timing and spatial distribution of fires at various regional and global
scales (Wooster et al. 2003; Li et al. 2004; Morisette et al. 2005). In addition, Landsat-5 TM and Landsat-
7 ETM+ have been used to determine fire perimeter and burn severity of the Cerro Grande Fire, New
Mexico, USA. (Miller and Yool 2002). Similarly, post-fire field observations coupled with Satellite Pour
I'Observation delaTerre 5 (SPOT 5) imagery have been used for fire severity modeling of sagebrush
steppe rangelands in southeastern Idaho (Weber et al. 2008b).

Recently, satellite-based wildfire studies have focused upon post-fire factors (i.e., severity and perimeter
mapping), with emphasis on forested ecosystems (Chuvieco and Congalton 1989; Fernandez et al. 1997;
Fraser and Li 2002; Giglio et al. 2003). Many reflectance indicators derived from various remotely sensed
data have been tested to assess forest fire effectsincluding NDVI (llleraet al. 1996; Leblon et al. 2001;
Aguado et al. 2003; Chuvieco et al. 2004), spectral indices retrieved by Tasseled Cap (Mbow et d., 2004),
and normalized difference water index (NDWI) (Verbesselt et al. 2006; Maki et al. 2004). In addition, in
order to calculate burn severity, the Normalized Burn Ratio (NBR; Key and Benson 1999), which
incorporates near- and mid-infrared bands, and the differenced Normalized Burn Ratio (dNBR), which is
the result of differenced pre- and post-fire NBR models, have been widely applied (Epting et al. 2005;
Escuin et al. 2008). NBR and dNBR are key indicators of burn severity and can be used to infer many
post-fire effects such as fire extent (Holden et al. 2005), and fire severity classification (Brewer et al.
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2005; Smith et al. 2005). For example, incorporating Classification Tree Analysis (CTA) techniques and
post-fire field survey data, NBR along with various other band ratios was used to assess the severity of
fire occurring in rangelands of Idaho (Weber et al. 2008b). Furthermore, these reflectance indicators
derived from remotely sensed data were widely used for fire studiesin savannahs and semiarid
environments (Fisher et al. 2005; Smith et al. 2005; Weber et al. 20083).

Many studies indicate that wildfire danger isdirectly linked to fuel properties (e.g., fuel load, fuel size,

fuel moisture content, and fuel type) and many of these fuel properties can be assessed using remotely
sensed data (West and Y orks 2002; Westerling et al. 2003). For example, estimates of forest biomass

have been used to reveal changesin crown fuels (Nelson et al. 1988; Means et al. 1999; Franklin, et al.
2003). In addition, surface fuel type has been characterized using vegetation classification maps derived
from various remotely sensed data (Keane et al. 2001; Riano et al. 2002; Van Wagtendonk and Root 2003)
including various vegetation indices (e.g., NDVI) which have been related to fuel moisture content and
fire potential (Paltridge and Barber, 1988; Chuvieco et al. 2002; Danson & Bowyer 2004; Dennison et al.
2008).

Fire danger conditions are related to, although not entirely attributable to accumulated fuel load which in
turn, isrelated to vegetation cover, type, biomass, phenology, and various fuel properties such as moisture
content. Rangeland susceptibility to wildfire is determined by the combined effect of these characteristics,
many of which can be accurately estimated based upon empirical relationships with remotely sensed
imagery. NDVI and fPAR are two important indicators of these vegetation variables, and global or
regional scale NDVI and fPAR have been derived through satellite remote sensing (Chuvieco et al. 2002;
Chen et al. 2008). Because NDV I and fPAR represent canopy greenness and are closdly related to
biomass, vegetation type, leaf areaindex (LAI), and primary productivity, they represent an indirect way
to derive fud load (Van Wagtendonk and Root 2003) in conjunction with field data. NDV | leverages the
ratio of reflectance in the red band (where chlorophyll makes notable absorption of incoming sunlight) of
asensor to that of the near infra-red band (where considerable reflectance is made by a plant's spongy
mesophyl| leaf structure) of the sensor, and is closdly related to the quantity of green vegetation on the
landscape (Tucker, 1979). NDVI is easy to caculate and can be considered a basic index from which
many subsequent vegetation variables can be calculated or deduced (i.e., LAI, vegetation cover, biomass)
(Chen and Cihlar 1996; Boelman et al. 2003; Hill and Donald 2003). fPAR is the fraction of available
radiation in specific photosynthetically active wavelengths of the electromagnetic spectrum (i.e., 0.4 - 0.7
pm) that a canopy absorbs (Chen 1996; Myneni et al. 1999; Chen et al. 2008). In many ecosystem models,
fPAR has been used as a modeling input across several biomes (Bonan 1995; Hély et al. 2003). In
addition, after accounting for atmospheric effects and background contributions to the signal, linear
relationships have been established between fPAR and NDVI.

While both fPAR and NDV | respond to pixel heterogeneity, background noise, and atmospheric effects
and exhibit similar responses to vegetation percent cover, leaf area, leaf orientation, solar zenith angle,
and atmospheric optical depth, they respond differently to soil reflectance and leaf optical properties
(Daughtry et al. 1983; Myneni and Williams 1994). In this study, both NDVI and fPAR were used as
indicators to evaluate wildfire danger in semiarid rangelands. MODIS and TM derived fPAR and NDV |
data were chosen to represent vegetation status and to detect changesin fuel load. Incorporating monthly
preci pitation, monthly mean temperature, field-based measurements of ground cover, and measures of
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biomass at numerous sites, variation in fuel load across the semiarid rangel ands of 1daho, USA was
evaluated.

MATERIALSAND METHODS

Study Area

The Big Desert study area lies approximately 71 km northwest of Pocatello Idaho and the center of the
study areais approximately 113° 4’ 18.68" W and 43° 14’ 27.88" N (Figure 1). The study areais|ocated
on the land managed by the United States Department of the Interior Bureau of Land Management (USDI
BLM). The areais a semiarid sagebrush-steppe ecosystem with a high proportion of bare ground (x bare
ground > 17%), and the area consists primarily of native and non-native grasses, forbs, and many shrub
speciesincluding sagebrush (Artemisia tridentata) and rabbit brush (Chrysothamnus nauseosus). The
elevation of the study area ranges from 1349-2297 m above sealevel, and annual precipitation is 230 mm
with 40% of the precipitation falling from April through June (Y anskey et al. 1966). Cattle and sheep
grazing is the primary anthropic disturbance to the study area with deferred, rest-rotation, and
continuous/seasonal grazing systems used on allotments ranging in size from 1100 to over 125,000 ha.
The stocking rate is low across the study area approximately 19 ha/animal unit [AU] and is considered a
semi-extensive grazing regime. Wildfire is another common disturbance and 39% of the study area has
burned in the past 10 years.

Millennial Fire

W Crystal Fire

. Survey site

Pocatello

Kilometers

Figure 1. Location and general characteristics of the Big Desert in southeastern, Idaho. Thetrue color
composite of Landsat-5 TM: band3=red, band2=green, band1=blue.

Sample Design and Field Measurements

Four hundred and seventeen sample points were randomly generated across the study area. Each point
met the following criteria: 1) >70 meters from an edge (road, trail, or fence line), and 2) <750 meters
from aroad. Table 1 details four field campaigns from 2004-2006. Each plot center |ocation was recorded
using a Trimble GPS receiver and all points were post-processed differentially corrected (+/-1 m [2004],
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+/-0.70 m [2005] and +/-0.20 m [2006] after post processing with a 95% CI). The sample points were
then projected into Idaho Transverse Mercator NAD 83(Gneiting et al. 2005).

Table 1. Dates and number s of field sample plots used for validation

Y ear Sampling date Number of sample plots
2004 01-Juneto 30-June 154
2005 01-June to 15-July 88
2006 05-June to 10-July 175

Ground vegetation cover and biomass are two variables which closely relate to wildfire fuel load. For this
reason, ground cover and biomass were estimated in the field survey. This study sought to characterize
vegetation cover and biomass at the time of maximum primary production in June, but was not intent on
relating field measurements directly to pixel data. Ground cover estimations were made within 10m x
10m square plots centered over each sample point with the edges of the plots aligned in cardinal
directions. The percent cover of five vegetation classes (bare ground, litter, grass, shrub, and weed) was
estimated by walking the plot and estimating/generalizing a cover category for each class (Kercher et al.
2003). Percent cover was estimated using categorical breaks of 0%, 1-5%, 6-15%, 16-25%, 26-35%, 36-
50%, 51-75%, 76-95%, and 96-100% .

Forage wet biomass was measured four times within each sample plot (n =1668). All green and senescent
herbaceous biomass was clipped and weighed in an ordinary paper bag using a Pesola scale (+/- 1g) tared
to the weight of the bag. All grass species were considered forage and these measurements were used to
estimate forage availability, expressed as kilograms per hectare. Dry biomass would have preferable.
However, there have been accumulated up to 10 years of database in the study area, al the previous field
surveys collected wet biomass. The dry biomass data between 2004 and 2006 are not available for this
study. Wet biomass could represent vegetation productivity as well, though dry biomass maybe better in
this study.

In this study, monthly precipitation and monthly mean temperature data were provided by the United
States Department of Agriculture (USDA) Natural Resources Conservation Service (NRCS)
(http://www.id.nrcs.usda.gov/snow/data’historic.html) and the United States Bureau of Reclamation
(USBR) AgriMet Program (http://www.usbr.gov/pn/agrimet/). While no weather station survey sites were
available within the Big Desert study area, nine sites bounding the study area (< 70 km from the Big
Desert study areq) were located and used (Figure 1). Though some sites are in the mountains, the weather
there has identical change trends compared to the Snake River Plain (Table 2).

Table 2. Natural Resour ces Conservation Service (NRCS) and AgriM et survey sitelist and monthly
precipitation (mm) and mean temperature (°C) data for thisstudy

Sitename  Lat Long Y ear Precipitation Mean temperature
March April May June March April May June
2004 10 36 74 33 1 5 7 12
Garfield 43°36' -113°55' 2005 53 58 198 74 0 3 7 9
R.S. 2006 76 130 43 15 -3 4 9 13
2004 15 46 94 25 1 4 6 11
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Swede 43°37" -113°58' 2005 81 61 188 86 -1 2 6 8
Peak 2006 117 160 51 15 -4 2 7 13
2004 20 46 102 30 0 1 4 8
Smiley 43°43 -113°50" 2005 76 112 226 119 -3 0 4 6
Mountain 2006 130 208 51 25 -6 0 6 10
2004 66 79 112 15 2 3 5 11
Howell 42°19' -113°36' 2005 114 127 208 94 -1 2 6 9
Canyon 2006 168 145 74 38 -3 3 7 13
2004 66 36 76 48 2 5 8 12
Wildhorse 42°45' -112°28' 2005 76 86 117 71 1 4 8 10
Divide 2006 132 155 25 28 -1 4 9 13
2004 7 19 30 26 5 9 12 17
Fort Hall ~ 43°04' -112°25' 2005 18 46 86 29 3 7 12 15
2006 36 67 9 21 2 8 13 18
2004 8 15 20 2 6 9 12 17
Rupert 42°35' -113°52' 2005 19 71 124 22 5 7 12 14
2006 26 54 37 8 2 8 14 19
2004 5 17 46 16 3 9 11 17
Picabo 43°18' -114°09'" 2005 51 21 86 28 2 6 11 13
2006 40 89 22 6 -1 7 12 18
2004 5 23 33 7 4 9 12 16
Aberdeen  42°57" -112°49' 2005 16 50 67 12 4 7 12 15
2006 37 33 18 39 1 8 13 18

Landsat-5 TM NDVI and fPAR Calculation

Because Terra satellite launched in December 1999, there are no MODI S data avail able between 1998
and 1999. Therefore, four cloud-free TM scenes (path/row 039/030) captured on 10 August 1998, 25 May
1999, 29 August 1999, and 27 May 2000 were used to derive NDV1 and fPAR prior to the Millennia Fire
of August 2000. Digital Number (DN) values were converted into planetary reflectance using gain and
offset coefficients, solar zenith angle, solar irradiances and the sun-earth distance factors from the
metadata of the imagery (Chander and Markham 2003). The imagery was then processed to reflectance by
performing an atmospheric correction using the dark object subtraction (DOS) method (Chavez 1996;
Song et al. 2001). All imagery was projected into Idaho Transverse Mercator, NAD 83 and was
georectified against 2004 National Agriculture Imagery Program (NAIP) natural color aerial imagery (1
mx 1 m pixels) (RMSE = 8.126).

TM NDVI values were cal culated using equation 1. Because there were no ground-measured fPAR data
available for this study, TM fPAR estimations were accomplished using the SR-fPAR algorithm, built on
the remote sensing of vegetation and plant physiology described by Sellerset al. (1992). The smpleratio
(SR) istheratio of reflectance in the red band to that of the near infra-red band (Equation 2) and NDV |
and SR are related functionally, as both represent dope-based spectral vegetation index band ratios
designed to characterize photosythetically active vegetation (Chen et al. 1996; Stenberg et al. 2004). The
SR-fPAR algorithm is a straightforward fPAR retrieval approach and is considered applicable within a
variety of biome types (e.g. broadleaf evergreen trees, needle leaf deciduous trees, and grasdands)
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(Paruelo et al. 1997; Loset al. 2000; Hassan et al. 2006). A near linear relationship between fPAR and
SR (Eg. 3) was assumed and followed Sellers et a. (1996): "The value of the 98 % NDVI for tall
vegetation and agriculture is assumed to represent vegetation at full cover and maximum activity with
fPAR values closeto 1.The 98 % NDV I value of agriculture was used to represent all short vegetation
types, while the 5 % desert value is assumed to represent no vegetation activity with an fPAR of 0.001
(Sellerset al. 1996, p.722) ". Once these two values were determined, the relationship between fPAR and

SR can be described as shown in equation 3.
NIR—-RED

NDVI = 1)
NIR+RED
NIR
fPAR — (SR_SRL',min)(fPARmax_fPARmin) + fPAlen (3)

(SRi,max_SRi,min )

RED and NIR stand for the spectral reflectance measurements acquired in the red and near-infrared
regions, respectively. SR ma and SR; min are corresponding to the maximal and minimal NDV | data
population for type i vegetation, and the maximum (fPAR . =0.950) and minimum (fPAR, =0.001)
values of fPAR are independent of vegetation type (Sdllerset al. 1996).

MODIS NDVI and fPAR Product

Collection 5 MODIS NDVI (MOD13A2) and fPAR (MOD15A2) products (1-km spatial resolution) were
used in this study. The MODIS NDV | algorithm operates on a per-pixel basis and relies on multiple
observations over a 16-day period to generate a composite NDV I (Huete et al. 2002; Tarnavsky et al.
2008). The MOD15A2 fPAR product represents atime interval of eight days and in the case of fPAR the
values represent eight-day maxima. The theoretical basis of the MODIS fPAR agorithm is the three
dimensional radiative transfer theory, and the inversion of the three dimensional radiative transfer
problemis solved using alook up table method (Knyazikhin et al. 1998; Myneni et al. 1999). In this
study, four MODIS NDV I and four MODIS fPAR scenes were used. MODIS fPAR imagery for the entire
study area was captured between 12-19 August 2004, 10-17 June 2005, 13-20 August 2005, and 10-17
June 2006 prior to the Crystal fire. In addition NDV| imagery was also acquired on the basis of temporal
coincidence with existing MODIS fPAR imagery.

Based on MODIS NDV and fPAR quality control (QC) layers, NDVI and fPAR data were screened to
reject al data of insufficient quality. Only pixels with the best possible quality (i.e., values on al hit fields
are equal to zero) under the fPAR QC definition and pixels with the "use with confidence" under the
vegetation indices QC definition were retained. The QC filter includes pixels with good quality and
removes pixels which were not produced due to cloud or other reasons.

Data Analysis

Field work began in June, as this was considered optimal to characterize the phenological changes over
the growing season through to late Fall. There were no field surveys conducted before 2000 and field data
were only used in conjunction with MODIS image analysis. For these analyses, field data were collected
between June and early July at the same time as the remotely sensed data were acquired. Imagery for the
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August 2004 and 2005 time periods were also used to capture late-summer senescence and thereby better
assess changesin fPAR over each growing season.

In the semiarid sagebrush-steppe rangel ands of 1daho, plant growth rates dramatically decrease following
the active growth period which typically ends in June (Figure 2). However, plant growth does continue
and in some years exhibits a spike of activity when sufficient autumn precipitation is present. Therefore,
the fPAR change layers, calculated by finding the difference between in fPAR between August 2004 and
June 2005 (i.e., dotted line marked in figure 2), do not include vegetation changes that occurred between
June and early August of 2005. Following this approach, the resultant change layers represent the amount
of new green biomass available (e.g. actively growing grasses) as the difference between the tota
biomass during the Fall active growth period (i.e., actively growing grasses, accumulated litter, and
residual plant matter) and the total biomass at the end of the spring growing season (i.e., accumulated
litter and residua plant matter).

1.0

mmmm Date of imagery for June 2005 and 2006
mmmm Date of imagery for August 2004 and 2005

0.8

field survey date

0.6

NDVI

Vegetation changes detected by fPAR layers Vegetation changes detected by fPAR layers
02 [—/\ N P
»

0 50 100 150 200 250 300 350
Julian day

Figure 2. Annual phenology as described using NDVI of 2007 in relation to the dates of imagery selected for
the study.

Using four years of field survey data, we note that grass, shrub, and dominant weeds tend to be green and
actively growing, resulting in high fPAR values, during spring and early summer (i.e., June). In the late-
summer senescence period, high temperatures hasten the desiccation of plants and in contrast to the active
growing period, fPAR values are reduced and substantially different at thistime. Therefore, we selected
TM and MODIS imagery during these periods to optimally detect fPAR change and thereby better
understand seasonal productivity within semiarid rangelands.

Two notable wildfires occurred in the Big Desert study area: one in August 2000 (Millennial Fire) and
another in August 2006 (Crystal Fire). The Millennia Fire burned approximately 62,018 hawithin the
Big Desert study area. The Crystal fire burned approximately 90,528 ha of grasslands and sagebrush
between August 15 and August 31, 2006, and more than 16,100 ha of grassand were burned in asingle

day.
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Pre-fire Vegetation Change Distribution Monitoring

Image differencing is a widely used change detection technique for remotely sensed data and change data
are often thresholded (Singh 1989; Ridd and Liu 1998) or classified (Lyon et al. 1998). In this study
image differencing was used to calculate pre-fire NDVI/fPAR changes in different years, however, image
differencing is not used for setting thresholds to determine whether fPAR changed or not. TM

NDV I/fPAR change layers were calculated by subtracting NDV I/fPAR values for 10 August 1998 from
NDVI/fPAR values for 25 May 1999. Similarly, NDVI/fPAR valuesfor 29 August 1999 were subtracted
from NDVI/fPAR valuesfor 27 May 2000. MODIS NDV I/fPAR change layers were calculated by
subtracting August 2004 values from June 2005 values, and subtracting August 2005 values from June
2006 values. The historic fire perimeter database of 1daho maintained by USDI BLM (CollinsR, BLM,
Idaho State Office, http://inside.uidaho.edu/geodata/BL M/index.htm) was used to overlay wildfire
perimeter layers upon Landsat-5 NDVI/fPAR change layers and MODIS NDV I/fPAR change layers for
inspection. NDV1 and fPAR change |ayers were compared with monthly preci pitation, monthly mean
temperature, and field-based measurements of forage biomass and percent ground cover within the
Crystal Fire area. Thiswas not done for the Millennial Fire area as detailed field data were not available
within itsfire perimeter. Lastly, atotal of 500 independent randomly distributed test points were selected
from NDV I/fPAR change layers. Of these, 207 points were retained for analysis within the Millennial
Fire area and 238 points were retained within the Crystal fire area after removing al pointsfalling in “no-
data’ areas of the imagery. Pixel values were extracted, and mean values of NDVI change and fPAR
change at different years were summarized to assess the susceptibility of semiarid rangelands to wildfires.

RESULTS AND DISCUSSION

Pre-fire TM NDVI/fPAR change layersillustrate an overall increase in NDVI and fPAR values (0.1<
NDVI/fPAR change < 0.5) within the Millennia Fire area between 1998 and 1999 (i.e., two years prior to
thefire, Figure 3 and Figure 4). Similarly, NDV1 valuesincreased 0.15 - 0.25 and fPAR values

increased >0.20 within the Crystal Fire areafrom 2004 to 2005 (i.e., two years prior to the fire).
Compared to the "two years prior to the fire" period, where NDV I/fPAR change values showed an overall
increase, there was a substantial difference with the "one year prior to fire" period (NDVI/fPAR change <
0.1). In general, NDVI and fPAR values for both the Millennial and Crystal Fire areas experienced large
increases two years prior to the fire period, with much lower increasesin NDVI and fPAR values just one
year prior to the fire. These changes likely correspond to a change in vegetation conditions (e.g.,
vegetation cover, and biomass) within the fire areas as the same overall trend of change was depicted in
both the fPAR and NDV I change maps.
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Figure 3. Pre-fire Landsat-5TM NDVI and MODISNDVI change layers.
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Grassis acommon component of the fuel load in southeast 1daho, and accumulated fuel loads can burn
intensely and severely. The development of fuel stockpiles and the prevalence of cheatgrass (Bromus
tectorum), an invasive annual grass, have made the fuels on Idaho's rangel ands increasingly problematic
(Weber et al. 2008b). Historically, rangelands in southeast 1daho experienced wildfire throughout a 2-3
week period in late summer (Judd pers. comm.). However, with the introduction of cheatgrass, the
wildfire "season” has been inadvertently extended to approximately 2-3 months as this non-native annual
grass senesces early in the growing season and produces large contiguous areas of highly flammable fine
fuels. Therefore, in rangeland ecosystems like these, ground vegetation conditions closely correlate with
fuel load which in turn, can function as an early warning for rangeland wildfire.

The observed NDV1 and fPAR changes are a function of changes in grasses as these are more ephemeral
in nature than shrubs. In order to validate this observation, field-based measurements of forage biomass
and percent cover of grassesin the Crystal Fire area were examined. Average grass cover in 2004 and
2005 were similar, however, forage biomass in 2004 (334 Kg/Ha) was less than in 2005 (583 Kg/Ha)
(Table 3). While more grass was produced in 2005 than in 2004 thisis most probably the result of
increased precipitation during that same year (Le Houérou and Hoste, 1977; Fisher et al. 1988). Average
precipitation between March and June of 2005, (acrucia part of the growing season in southeast I1daho
rangelands), was 330 mm with 40% of the total falling in May while in 2004 there was only 145 mm of
rainfal (SD=57 mm) (Table 2; Table 4). From 2005 to 2006 average grass cover increased only 1-3%,
and forage biomass reduced 300 Kg/Ha. Similarly, average precipitation between March and June of 2006
was reduced as well (259 mm) (SD= 73 mm) with most of this precipitation falling between March (85
mm) and April (116 mm).

Table 3. Forage biomass and percent ground cover for fPAR change analysis

0

Eci)cr)?ngaess Average ground percent cover (%) Number of

(Kg/Ha) Shrub Grass Litter Bareground Weed sample plots
Fire areas 2004 334 512 512 615 53-78 1-5 47
Fire areas 2005 583 6-14 513 1-7 48-71 1-6 57
Fire areas 2006 283 17-26 6-16 18-29 15-23 5-11 24
Changesinfire 249 1-2 0-1 -(5-8) -(5-6) 0-1 N/A
areas 2004-2005
Changesin fire -300 11-12  1-3  17-22 -(33-48) -(1-5) N/A
areas 2005-2006
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Table 4. Analysis of precipitation (mm) and temperature (°C) on 2004, 2005 and 2006

Year Average precipitation Average temperature Averagefour months  Standard

March April May June March April May June predpitaion deviations
2004 22 35 65 22 3 6 9 13 145 57+
2005 56 70 144 59 1 4 9 11 330 7ge
2006 85 116 37 22 -1 5 10 15 259

*Standard deviation of precipitation for 2004 and 2005. **Standard deviation of precipitation for 2005 and 2006.

The majority of grass growth activity occurs within a specific range of temperatures (Went 1953).
Comparing average temperaturesin May 2005 (9°C), which was the major precipitation period for 2005,
with average temperaturesin March (-1 °C) and April (5°C) of 2006 the effect on grass growth becomes
apparent (Table 4) (Figure 5). Because temperature and precipitation act together to affect the biophysical
and ecological status of grasses we conclude that monthly precipitation and mean temperature in the
spring of 2005 were much better suited for grass growth than that seen in 2006, hence more grass was
produced between 2004 and 2005 than between 2005 and 2006 (Figure 6). These differencesin grass
growth activity suggests a concomitant change in NDVI and fPAR should exist. Analysis of monthly
preci pitation, mean temperature, field-based measurements of ground cover, and measures of biomass
suggest that the Crystal Fire area should have greater NDV I and fPAR change between 2004 and 2005

than between 2005 and 2006.
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Figure5. Monthly precipitation and temperaturefor the study.
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Figure6. Yearly forage biomassfor the study.
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In order to validate this supposition, fPAR and NDV I annual changes showed in Figure 7. It is noted that
either NDV 1 or fPAR, the change values two years prior to the fire (e.g., 2004 t02005) were greater than
those one-year prior to fire (e.g., 2005 to 2006). This suggested that there was the prevalence of grassesin
two years prior to fire period for each wildfire. Thus, it is concluded that the information represented by
field-based measurements follow the same trend asindicated in the NDVI and fPAR change maps. NDV |
and fPAR have means for ng pre-fires vegetation changes, and the susceptibility to wildfire can be
estimated using in aNDV I/fPAR change analysis.

0.2 0.3

NDVI change fPAR change
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0.1 0.154
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Figure 7. Summary for NDVI and fPAR changein different years.

Another important component of fine fuelsin semiarid ecosystemsis litter. Litter is senescent (dead or
dry) plant material and in general, an abundance of grasses ultimately leadsto an increasein litter (Nagler
et al. 2000) unless herbivory, trampling by livestock (leading to accelerated rates of organic
decomposition), or wildlife removes the litter. Although rangeland fuels are relatively simple compared to
forest fuels, different species of rangeland plants generate different fire behavior characteristics
depending on factors like moisture content and blade height (Sandberg et al. 2001; Agee et al. 2002). In
comparison to green grass, litter and dry grass flashes much more quickly and burns easily. Therefore, an
area covered by a continuous surface of litter and dry grassis more flammable than areas with less litter
cover.

Average percent litter cover increased 17-22% (while forage biomass decreased 300 Kg/Ha) in the
Crystal Fire areafrom 2005 to 2006 (Table 3). The mean litter cover classin 2005 was only 1-7%,
however, mean litter cover increased to 18-29% in the following year. In light of these data, the following
interpretation is offered: the prevalence of grasses reported from 2004 to 2005 was followed by a
reduction in photosynthetically active grass productivity between 2005 to 2006 in the Crystal Fire area.
Following two years of highly productive growth, many grasses died back (due to drier conditions) and
contributed to an increase in litter (i.e., fine fuels).

The observed changes in grass productivity reported in this study were found to closely correlate (albeit
with alag interval) to achangein litter cover. As aresult, the prevalence of litter in 2006 most likely had
an effect on the size and severity of the Crystal Fire. These observations and trends were observed in both
the NDVI and fPAR change layers which suggests the potential for these data to be used for future fire
risk modeling. The absence of field data between 1998 and 1999 limited the susceptibility analysisto
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Millennial Fire. However, interpretation of 2004-2006 field data offer insights into the patterns TM data
represented.

A survey of current literature indicates that multi-sensor NDV 1 (thus, fPAR) those derived from AVHRR,
MODIS, TM, ETM+, Spot-4 and QuickBird exhibit offsets (Goetz, 1997; Steven et al., 2003). Sensor
gpatial resolution, atmospheric calibration, and fPAR retrieval algorithm will have effect on the accuracy
of NDVI/fPAR comparison. Thereis no comparison between TM and MODIS in this study, however, we
would anticipate that the error caused by spatial resolution, reflectance calibration and the fPAR
calculation method would have effect on the sensitivity of the change algorithm to actual changes on the
ground. In addition, NDVI may not exhibit an immediate and direct response to changes in vegetation
moisture and water content as high temperatures hasten the desiccation of grass during the late-summer
senescence period (Ceccato et al. 2001). Asaresult, dry grasses and litter congtitute part of any NDVI
value and can range from 0.09 to 0.20 in areas entirely covered by litter in late summer (Nagler et al.
2000). In contrast, fPAR values of dry grass and litter reduce to 0.00, and are substantially different from
those seen during the active growth period. For these reasons, fPAR change layers were considered
senditive to litter within semiarid rangeland ecosystems. Therefore, fPAR could be an input source for fire
early warning models, and increase the efficiency of fire management in semiarid rangeland.

CONCLUSION

Using MODIS NDV I/fPAR products and TM NDV I/fPAR a gorithms, this study focused on assessing
pre-fire vegetation characteristics and fuel load change. TM and MODIS NDV I/fPAR data were
compared between active growth periods and late-summer senescence periods and interpreted using
monthly precipitation, mean temperature, and fiel d-based measurements of forage biomass and percent
ground cover from 2004, 2005, and 2006. In general, fPAR exhibited a similar trend of change relative to
NDVI, and the results of this study indicate that both NDV1 and fPAR can be used to assess susceptibility
of rangelands to wildfire. Used over long time periods, these data may also be applied to the
determination of areas suitable for fuel load reduction, which may eliminate or reduce wildfire danger in
many areas. In an ideal situation both MODIS and Landsat imagery would have been available for all
parts of this study. In addition, it would have been useful to have extensive pre-fire vegetation datafor all
fire areas. These needs were very difficult to anticipate and future field campaigns are planned to address
thisissue. Furthermore, wildfire susceptibility predictions are very complicated and this study represents
an incremental step toward improved wildfire susceptibility modeling research. We considering
additional ecological and environmental parameters to improve future models and the incorporation of
pixel-based parameters (e.g., precipitation, and temperature) which may achieve better resultsin the
future.
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ABSTRACT

While validation of the MODIS fPAR product iswell behind that of the LAI product, it is recently
receiving more attention. In this study, MODIS fPAR and Landsat-5 TM derived fPAR (TM fPAR) were
calculated and quantitatively compared using imagery from 2005 to 2008 for the semiarid rangel ands of
Idaho, USA. fPAR change maps were cal cul ated between active growth and |ate-summer senescence
periods. Accuracy of the MODIS fPAR and TM fPAR were determined indirectly by incorporating field-
based measurements of above-ground forage biomass and percent ground cover from a variety of sites (n
= 442).

KEYWORDS: Rangelands, fraction of photosynthetically active radiation absorbed by vegetation (fPAR),
Moderate Resolution Imaging Spectroradiometer (MODIS), remote sensing, Idaho
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INTRODUCTION

Live vegetation respondsto radiation, heat, and water balance i nteractions between the land surface and
the atmosphere (Bonan, 1995; Sellerset a., 1997). Currently, most interaction simulation models,
including carbon budget models, climate cycle models, and ecosystem productivity models require
guantitative vegetation information as a modeling input (Dickinson et al., 1998; Running et al., 1999;
Feng et al., 2007). In each case, the fraction of photosynthetically active radiation absorbed by vegetation
(fPAR) isakey biophysical parameter ( Asner et al., 1998; Running et al., 2004). Many techniques have
been devel oped to measure fPAR and most can be categorized as either afield-based or satellite-based
methodology. For example, field-based measurements from flux towers have been widely used to derive
fPAR in various ecological environments (Baret et al., 2006; Morisette et a., 2006). Although field-based
methods are straightforward and accurate for small scale studies they are also difficult to apply for spatial
pattern studies at regional scales.

When it isimportant to have global or regional measurements of fPAR (e.g., for effective application of
interaction simulation models over large areas and long time periods), satellite remote sensing has the
advantage of acquiring land surface imagery at broad-spatial scaes and frequent temporal periodicity. In
addition, satellite based methods provide a unique way to extend the estimations of fPAR into additional
productivity metrics such as gross primary production (GPP), net primary production (NPP), and net
ecosystem exchange (NEE) (Zhao et al., 2005; Turner et a., 2009).

M oderate Resol ution Imaging Spectroradiometer (MODIS) is akey instrument aboard the Terra and
Aquasatellites. The MODIS Land Discipline Team (MODLAND) has developed leaf areaindex (LAI)
and fPAR products that provide global 1 km spatial resolution LAI/fPAR images at 8 day intervals
(Knyazikhin et al., 1998; Cohen et a., 2003; Morisette et al., 2006). Since the launch of the Terra satellite
in December 1999, MODIS LAI/fPAR products have been widely used in many global ecosystem
interaction studies including forest (Shabanov et a., 2003; Chen et al., 2008), cropland (Chen et a., 2006;
Yang et al., 2007), and grassland ecosystems (Fensholt et a., 2004; Hill et ., 2006).

Experience from previous generations of satellite imaging systems suggests that an independent
assessment of product quality isacritical step to the success of MODIS product usage (Justice et al., 2002,
Morisette et a., 2002; Turner et a., 2003). For this purpose, the MODIS Science Team has devel oped
several validation projects. "BigFoot" is one such project which provides validation of MODLAND
science products (http://www.fdl.orst.edu/larse/ bigfoot/index.html.), including land cover, LAI, fPAR,
and NPP (Morisette et al., 2003; Turner et a., 2006). The "Bigfoot" project includes nine carbon flux
tower sites (seven in the USA, one in Canada, and one in Brazil) that cover eight major biomes from
desert to tundra, and tropical rainforest. fPAR surface images are derived by linking in situ measurements
to datafrom Landsat-7 ETM+ and various independent ecosystem process models. Based on validation
datafrom "BigFoot ", the quality of MODIS fPAR products and their source error have been assessed,
concluding that whileit is not possible for asingle MODIS pixel accurately estimate fPAR, multiple pixel
estimations within and across sites can be accurately estimated (Gower et a., 1999; Milne and Cohen,
1999). The Validation of Land European Remote sensing Instruments (VALERI) project is another
project to evaluate the absolute accuracy of the biophysical products (e.g., LAI, fPAR) derived from
satellite observations (Garrigues et al., 2007; Baret et a., 2009). More than twenty counties (e.g.,
Argentina, Australia, China, England, Finland, France, Germany, Spain) collaborate in VALERI project
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and MODIS fPAR product is inter-compared with other different sensors and agorithms (Gobron et al.,
2006; Weiss et al., 2007). In general, these MODI S validation projects participate in existing long-term
ecological research programs (Franklin et a., 1990), scientific data networks such as AERONET (Holben
et a., 1998) and FLUXNET (Heinsch et a., 2006), and international validation activities (Swap et al.,
2000).

The validation of MODLAND science productsis also accomplished by comparison with field
measurements or Cross-sensor comparison with other satellite sensors. The advantage of field-based
validation is that abundant land surface information, such as the exchange of carbon dioxide, water vapor,
and energy, across a spectrum of temporal and spatial scales can be used to support the validation. Cross-
sensor comparison is another important part of MODLAND science product validation. CY CLOPES
LAI/FPAR products (Weiss et al., 2007) and Sea-viewing Wide Field-of-view Sensor (SeaWiFS) fPAR
data (Gobron et a., 2006) have been used for the purpose of understanding the difference between
MODLAND science products and anal ogous biophysical parameters derived from other sensors
(Garrigues et d., 2008).

Validation of the MODIS LAI/fPAR products have mostly focused on LAI (Tian et al., 2002; Cohen et al.,
2003; Shabanov et al., 2003), yet it is important to extend validation to the fPAR product across all
biomes. Semiarid rangeland ecosystems (an anthropogenic biome comprising a number of ecologica
biomes such as semiarid deserts, dry steppes, grasslands and savannas) cover approximately 40% of the
earth’sterrestrial surface and play an important role in global ecosystem productivity (Breman and de Wit,
1983; Huntsinger and Hopkinson, 1996). Validation of the MODIS fPAR product in semiarid rangeland
ecosystems isimportant part of the overall product validation.

In September 2006, MODLAND released a new version of MODIS Land Data Products (Collection 5)
providing greater data quality than available from Collection 4. Although there are MODIS fPAR
validation studies in other semiarid rangelands, (Fensholt et al., 2004; Weiss et al. 2007), previous
validation studies were specific to the earlier MODIS fPAR Collection 4 product. To date there have been
no papers published for studies of fPAR Collection 5 product validation in the semiarid rangelands of
North America.

In this study, fPAR was derived using Landsat 5 TM data following the SR-fPAR retrieval algorithm
proposed by Sellerset a. (1992). A cross-sensor comparison was made using MODIS fPAR Coallection 5
products and Landsat 5 TM-derived fPAR products. The accuracy of these fPAR products was indirectly
determined by incorporating fiel d-based measurements of aboveground forage biomass and percent
ground cover from avariety of sitesin the semiarid sagebrush-steppe rangelands of Idaho.

MATERIALSAND METHODS

Study area

The study area, known as the Big Desert, liesin southeast Idaho, USA, approximately 71 km northwest of
Pocatello. The center of the study areaislocated at 113° 4' 18.68" W and 43° 14' 27.88" N (Figure 1).
This areais managed by the Bureau of Land Management (BLM) and exhibits alarge variety of native as
well asinvasive plant species. The Big Desert is a semiarid sagebrush-steppe ecosystem with ahigh
proportion of bare ground (x bare ground > 17%), and is classified as a Wyoming big sagebrush/blue
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bunch wheatgrass habitat type. Annua precipitation is 23 cm with 40% of the precipitation falling from
April through June (Yanskey et a., 1966). The areais bordered by geologically young lava formations to
the south and west and irrigated agricultural landsto the north and east. Sheep grazing is the primary
anthropogenic disturbance to the study area with semi-extensive continuous/seasonal grazing systems
used on allotments ranging in size from 1100 to over 125,000 ha. The set stocking rate islow across the
study area (>19 ha/animal unit [AU]) with actua utilization approximately 40% of the set stocking rate.
Wildfire isacommon disturbance and nearly 40% of the study area has burned in the past 10 years.

Kilometers

Figure 1. Location and general characteristics of the Big Desert in southeastern, Idaho, USA. Thetrue color
composite of Landsat-5 TM: band3=red, band2=green, band1=blue.

Sample design and field measurements

A total of 442 sample points were randomly generated across the Big Desert study area between 2005 and
2008 (Table 1). Each point met the following criteria; 1) >70 meters from an edge (road, trail, or fence
line) and 2) < 750 meters from aroad. The location of each sample point was recorded using a Trimble
Geo XT (2005) or Geo XH (2006-2008) GPS receiver using latitude-longitude (WGS 84) (Serr et a.,
2006). Points were occupied until aminimum of 60 positions were acquired for averaging and the Wide
Area Augmentation System (WAAS) was used whenever available to improve baseline accuracies. All
sample point locations were post-processed differentialy corrected (horizontal positional accuracy = +/-
0.70 m (2005) and +/-0.20 m (2006-2008) after post-processing with a 95% CI) using continuously
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operation reference stations (CORS) each located <80 km from the study area. All sample points were
projected into Idaho Transverse Mercator NAD 83, using ESRI's ArcGIS for datum transformation and
projection (Gneiting, et al., 2007).

Table 1. Datesand numbers of field sample plotsused for validation.

Y ear Sampling dates Number of sample plots
2005 01-June to 15-July 88
2006 05-June to 10-July 175
2007 29-May to 13-June 97
2008 10-Juneto 11-July 82

Ground cover estimations were made within 10x10m square plots centered over each sample point with
the edges of the plots aligned in the cardinal directions. Estimates of percent cover were made for bare
ground, litter and duff, grass, shrub, and dominant weed. Cover was classified into one of nine general
cover classes (None, 1-5%, 6-15%, 16-25%, 26-35%, 36-50%, 51-75%, 76-95%, and >95%). Available
above-ground forage biomass was measured using a plastic coated cable hoop 2.36 metersin
circumference. The hoop was randomly tossed into each of four quadrants (NW, NE, SE, and SW)
centered over the sample point. All herbaceous species within the hoop that were considered forage for
cattle, sheep, and wild ungulates were clipped and weighed (+/-1g) using a Pesola scale tared to the
weight of an ordinary paper bag. The measurements were then used to estimate forage amount expressed
in kilograms per hectare.

Landsat-5 TM imagery

Based upon four years of field survey data (2005-2008), it was determined that grasses, shrubs, and
dominant weeds tended to be green and most actively growing, resulting in high fPAR values, during
spring and early summer (i.e., June) time periods. Later in the summer, high temperatures hasten the
desiccation of plants and in contrast to the active growing period, fPAR values are reduced and
substantially different at thistime. Therefore, we sdected Landsat-5 TM and MODIS imagery from these
two time periods (henceforth referred to as the active growth and late-summer senescence periods) to
optimally detect fPAR changes and thereby better understand seasonal productivity within semiarid
rangelands.

Four Landsat-5 TM scenes, path/row 039/030, were collected on 13-August-2005, 13-June-2006, 03-
August-2007, and 18-June-2008. Two scenes were acquired during the active growth period of early June
2006 and 2008, while the other two scenes were acquired during the late-summer period when grasses
senesced in August 2005 and 2007. Digital Number (DN) val ues were transformed into radiance using
gain and offset coefficients from the metadata of the imagery. The images were then atmospherically
corrected based on the dark object subtraction (DOS) method (Chavez, 1996; Song et al., 2001). All
imagery was projected into Idaho Transverse Mercator (IDTM), NAD 83 and georectified to < 0.3 pixel
root mean square error (RM SE) (Weber, 2006).

Landsat-5 TM fPAR calculation

Recently, two primary approaches have been used to retrieve fPAR from remotely sensed data. The most
common approach has been to establish an empirical relationship between NDVI and fPAR through
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fitting ground-based measures of fPAR to corresponding remotely sensed data (Myneni and Williams
1994; Chen, 1996). The limitation of relationship-based approachesis that the resulting formulas are
influenced by vegetation type and soil background. Another important fPAR retrieval approach is based
on bidirectional reflectance distribution function (BRDF) models (Tian, et al., 2000, 2002; Hu et al.,
2007). The model-based approach may be more accurate from atheoretical basis, however it requires
lengthy calculation time and is difficult to obtain sufficient model input parameters.

In this study, with limitations on field fPAR measurement data and model input parameters, TM fPAR
estimations were devel oped by applying the SR-fPAR agorithm. To specifically assess the ability of the
SR-fPAR retrieval approach for fPAR estimation in semiarid rangel ands ecosystems, field-based
measurements of aboveground forage biomass and percent ground cover were used to better indirectly
assess TM fPAR. Recently, empirical relationship based empirical algorithms are highly site- specific and
always emphasizes on forest ecosystem, however SR-fPAR algorithm described by Sdllers et al. (1992) is
astraightforward fPAR retrieval approach and is considered applicable within a variety of biome types
(e.g., broadleaf evergreen trees, needle leaf deciduous trees, and grassland) (Paruelo et al., 1997; Loset d.,
2000; Hassan et al., 2006).

Assuming a nearly linear relationship between fPAR and simpleratio (SR) (Equation 1), fPAR can be
cal culated when two known points are determined. The value of the 98" percentile from a normalized
difference vegetation index (NDV1) distribution was assumed to represent vegetation at full cover and
maximum photosynthetic activity with fPAR values close to unity (0.950). The 5" percentile valueis
assumed to represent no vegetation photosynthetic activity with an fPAR of 0.001. The relation between
fPAR and SR isthen given by

__ 1+NDVI

SR = 1-NDVI @)

(fPARmax—fPARmin)
fPAR = fPARpin + (SR — SR; min) 2)

SRi,max _SRi,min

where the maximum (fPAR . =0.950) and minimum (fPAR.,, =0.001) values of fPAR are independent
of vegetation type. SR, ma and SR; min correspond respectively to the 98" and 5™ percentile of the NDV|
data population for type i (sagebrush-steppe) vegetation (Sellers et a., 1996).

MODIS fPAR product

Thetheoretical basis of the MODIS fPAR algorithm is the three dimensiond radiative transfer theory
(Myneni et al., 1999). The inversion of the 3D Radiative transfer is accomplished with Look-Up Table
approach (Knyazikhin et al., 1998). A back up method based on the rel ationship between NDVI and
fPAR, used together with a biome classification map, is applied when the primary algorithm fails. In this
study, four the Collection 5 MODIS fPAR (MOD15A2) scenes were selected on the basis of temporal
coincidence with existing Landsat-5 TM imagery. All MODIS fPAR imagery (1 km spatial resolution)
used in this study represent atimeinterval of eight days. All imagery was projected into ITDM, NAD 83,
using ESRI's ArcGIS 9.3 for datum transformation and projection. Using qudity control (QC) layers,
MODIS fPAR data were screened to reject fPAR data of insufficient quality. Only pixels with the best
possible quality (i.e., valueson al bit fields are equal to zero) under the QC definition table were retained
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(Table 2). The QC filter includes pixels with good quality and removes pixels which were not produced
due to cloud or other reasons.

Table 2. MODISfPAR general quality control definitionsfor collection 5 data.

Bit No. Parameter Name Bit Comb. Description of Bitfield(s)
0 MODLAND_QC bits 0 Good quality (main agorithm with or without
saturation)
1 Other Quality (back-up algorithm or fill values)
1 Sensor 0 Terra
1 Aqua
2 DeadDetector 0 Detectors apparently fine for up to 50% of
channels 1,2
1 Dead detectors caused >50% adjacent detector
retrieval
34 CloudState (inherited from 00 0 Significant clouds NOT present (clear)
Aggregate QC bits{0,1} 01 1 Significant clouds WERE present
cloud state) 10 2 Mixed cloud present on pixel
11 3 Cloud state not defined, assumed clear
5-7 SCF_QC (fivelevel 000 0, Main (RT) method used, best result possible
confidence score) (no saturation)
001 1, Main (RT) method used with saturation.
Good,very usable

010 2, Main (RT) method failed due to bad geometry,
empirical agorithm used

011 3, Main (RT) method failed due to problems other
than geometry, empirical agorithm used

100 4, Pixel not produced at all, value coudn't be
retrieved (possible reasons: bad L1B data,
unusable MODAGAGG data)

fPAR comparison

MODISfPAR and TM fPAR imagery were first compared to determine general similarity. To enable
guantitative assessment of MODIS fPAR distributions, all TM fPAR layers were averaged resampled to 1
km spatia resolution in ESRI's ArcGIS 9.3. A tota of 350 independent randomly distributed test points
were generated using Hawth's analysis tools for ArcGIS. Of these, 302 test points were finally available
for analysis after removing all pointsfalling within the “no-retrieve” areas of the imagery. Pixel values
were extracted using the ArcGIS "Sample" tool, and correlation coefficients were cal culated to evaluate
the relative agreement between MODIS fPAR and TM fPAR values.

TM fPAR change layers were calculated using TM fPAR values for 13-August-2005 subtracted from TM
fPAR values for 13-June-2006. Similarly, TM fPAR values for 03-August-2007 were subtracted from TM
fPAR values for18-June-2008. The resulting change layers were assumed to represent vegetation growth
that occurred following the end of the previous growing season and prior to periods of active livestock
grazing in the study area. MODIS fPAR change layers were calculated in the same way. Finaly, fPAR
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distribution layers and change layers were compared with fiel d-based measurements of aboveground
forage biomass and percent ground cover to further indirectly validate these data.

fPAR indirect-validation

There were no flux tower sitesin or surrounding the Big Desert study area and no ground-measured fPAR
data were available for the study area. Because actua fPAR values must be considered unknown, direct
validation from field measured fPAR was unavailable in this study. For this reason, we consider the
seasonal characteristics of fPAR change over semiarid rangelands. Grasses, shrubs, and dominant weeds
tended to be green during active growth periods (June). In contrast, most shrubs maintained greenness
throughout much of the year while grasses and weeds became senescent, resulting in substantial fPAR
reduction (e.g., fPAR value of grassiscloseto 0) in late summer (August). fPAR difference between late-
summer senescence periods (e.g., primarily resulting from shrubs) and the next active growth periods
(e.g., resulting from grasses, weeds, and shrubs) describes the amount of grasses and weeds available
during the active growth period. Therefore, fPAR change values can be indirectly validated through a
careful assessment of the spatial variability of grasses and weeds.

Based upon the reported data, the authors observed that 1) in areas where the percent cover of shrubs and
above-ground forage biomass were similar, the area with the higher percent cover of grasses and weeds
during the active growth period consistently resulted in higher fPAR change; 2) when the percent cover of
shrub and grass functional groups were similar, the area with more above-ground forage biomass during
the active growth period lead to higher fPAR change. As aresult, the relationship between percent ground
cover and fPAR change, and the relationship between above-ground forage biomass and fPAR change
was established and fPAR valuesindirectly validated by comparing changes in fPAR with changesin
above-ground forage biomass and percent ground-cover.

RESULTS

MODIS fPAR values and TM fPAR values were relatively similar (Figure 2). The results of quantitative
comparisons among aggregated TM fPAR and MODIS fPAR products (1 km spatial resolution in both
cases) across the study region from 2005 to 2008 indicate MODIS fPAR values were relatively close to
TM fPAR values and awesak relationship between MODIS fPAR and TM fPAR was also noted (R? <
0.51) (Figure 3). In general, MODIS fPAR depicts the same overall trend and offers the advantage of
acquiring reliable fPAR data at broad-scales and frequent periodicity.
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Landsat-5 fPAR August 13 2005

Landsat-5 fPAR June 13 2006

Landsat-5 fPAR August 03 2007

Landsat-5 [PAR June 18 2008 MODIS fPAR June 17 - 24 2008

[10.0-0.05
[10.05-0.1
[ 01-015
I 015-0.2
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M 025-03
M 03-1.0

[ ] No Retrieve

Figure 2. Landsat-5 TM fPAR (30 meters per pixel [mpp]) and eight-day composite M ODIS fPAR (1000 mpp)
layers.
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Figure 3. The comparison of aggregated Landsat-5 TM fPAR to the MODISfPAR product at 1 km resolution.

TM fPAR change layers were nearly identical to MODIS fPAR change layers (Figure 4). Using fPAR
change results, areas of major negative change (-1 < fPAR change < -0.05), minor change (-0.05 < fPAR
change < 0.05) and major positive change (0.05 < fPAR change < 1) were delineated. A major positive
change (MPC) area was defined as an area where fPAR values increased. Similarly, a major negative
change (MNC) areawas an areawhere fPAR values substantially decreased, while minor change (MINC)
areas were areas wWhere fPAR values changed only dlightly.
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Figure 4. The fPAR change maps of Landsat-5 TM and MODIS.
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Field-based measurements of above-ground forage biomass and percent ground-cover in MPC, MNC, and
MINC areas are summarized in Table 3 and Table 4. In 2006, average percent shrubcover in MPC areas
was similar to that in MINC areas, while higher percent grass cover was present in MPC areas than MINC
areas over the same time period. Mean and maximum forage biomass was greater in MPC areas (X = 496
Kg/Ha; maximum = 1668 Kg/Ha) than in MINC areas (x = 328 Kg/Ha; maximum = 1065 Kg/Ha) in
2006, while mean forage biomass reduced in both MPC areas (-115 Kg/Ha) and MINC areas (-223
Kg/Ha) between 2005 and 2006. The reduction of forage biomass in MINC areas was greater than the
reduction of forage biomassin MPC areas, , hence a major negative change was detected in the MINC
areas.

Table 3. Percent ground cover for fPAR change analysis.

Average ground percent cover (%) Number of
Shrub  Grass Litter Bareground Weed sample plots

MINC areas 2005 5-13 5-13 2-7 49-71 1-6 21
MPC areas 2005 5-13 5-14 2-7 47-69 2-7 67
MINC areas 2006 15-23 6-16 27-37 17-27 6-15 36
MPC areas 2006 14-23  16-25 17-26 16-25 5-14 139
MPC areas 2007 4-9 14-22 6-16 33-46 2-7 97
MPC areas 2008 2-7 14-23 16-26 27-36 5-12 82
Changesin MINC areas 2005- 10 1-3 25-30 -(32-44) 5-10 N/A
2006

Changesin MPC areas 2005- 9-10 11 15-19 -(31-44) 37 N/A
2006

Changesin MPC areas 2007- -(3-5) 0-1 10 -(6-10) 35 N/A
2008

Note: no MINC areas were delineated in 2007 or 2008 and no sample plots was available within MNC area. SD
stands for standard deviation.
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Table 4. Aboveground forage biomassfor fPAR change analysis.

Forage biomass (Kg/Ha) Number of
Mean Max. Min. SD sample plots

MINC areas 2005 551 2524 34 562 21
MPC areas 2005 612 3138 34 297 67
MINC areas 2006 328 1065 62 249 36
MPC areas 2006 496 1668 51 346 139
MPC areas 2007 356 1302 11 309 97
MPC areas 2008 249 975 11 208 82
Changesin MINC areas 2005- -223 -1459 28 N/A N/A
2006
Changesin MPC areas 2005- -115 -1470 17 N/A N/A
2006
Changesin MPC areas 2007- -107 -345 0 N/A N/A
2008

Note: no MINC areas were delineated in 2007 or 2008 and no sample plots was available within MNC area. SD
stands for standard deviation.

Analysis of field-based measurements of ground cover and forage biomass between 2005 and 2006
suggest MPC areas should exhibit greater fPAR change trends relative to MINC areas. Furthermore,
comparing the change of mean forage biomassin all MPC areas from 2005 to 2006 (-115 Kg/Ha) to the
change of mean forage biomassin all MPC areas from 2007 to 2008 (-107 Kg/Ha) revealed very similar
change patterns. The information describing field-based above-ground forage biomass and percent
ground-cover follow the same distribution and trend as indicated by both the MODIS and TM fPAR
change maps.These results support the hypothesis that the seasona characteristics of fPAR change over
semiarid rangelands can be used as an indicator for the relative abundance of grasses and herbaceous
weeds.

DISCUSSION

Many MODIS fPAR validation studies noted that MODIS seems to overestimate fPAR in many regions.
Fensholt et al. (2004) demonstrated that in comparison to field measured fPAR the overall level of
MODIS fPAR is overestimated by approximately 0.06 - 0.15 in the semiarid grasslands of West Africa
and Senegal. Weiss et al. (2007) compared MODIS fPAR and CY CLOPES fPAR products and also
concluded that MODI S estimates higher fPAR values than CY CLOPES in grasslands. Similar to
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grassland, Steinberg et al. (2006) indicated the MODI S fPAR algorithm overestimates fPAR when
compared to Landsat-7 ETM derived fPAR in the boreal forests of Alaska (i.e., MODIS approximately
overestimated fPAR by up to 0.2). However, in this study the difference between MODIS fPAR values
and TM fPAR values contradicted previous findings (x difference < 0.05). The reductionin MODIS
fPAR values may be attributed to the improvement in the Collection 5 MODISfPAR retrieval algorithm
(e.g., al previous MODIS fPAR validation studies used Collection 4 product but this study used
Collection 5 product) (Steinberg and Goetz, 2009).

Field sampling was conducted between June and early July throughout this study (2006-2008). This
corresponds with the period of peak biomass production in the study area. Remote sensing imagery was
acquired during this same time period to similarly capture the active growth period and allow comparison
with known field conditions. Imagery for the years 2005 and 2007 were chosen to capture late-summer
senescence and thereby better assess changes in fPAR over the growing season. In semiarid rangelands
ecosystems, plant growth rates dramatically decrease following the active growth period in early June.
However, plant growth does continue and in some years exhibits a spike of activity if sufficient autumn
precipitation is present. Therefore, vegetation change derived from field measurement data provided an
estimate of growth for the entire summer and following spring, whereas the fPAR change layers
developed in this study did not include vegetation changes that occurred between June and early August.
Following this approach, the resultant change layers describe the amount of green biomass available (e.g.,
actively growing grasses) as the difference between the estimated total above-ground biomass during the
active growth period (i.e., actively growing grasses, accumulated litter, and residual plant matter) and the
estimated total above-ground biomass at the end of the previous growing season.

In this study, fPAR change values help describe the spatial variability of grasses and weeds based on the
seasonal characteristics of fPAR change over semiarid rangelands. For example, a positive fPAR change
indicates more grasses and weeds would be found during the growing period (i.e., increased spatial
distribution). Similarly, a negative fPAR change indicates fewer patches of grasses and weeds would be
found in an area during the growing period. fPAR images were sel ected to represent the active growth and
late-summer senescence periods, therefore fPAR change layers do not reflect an entire year of vegetation
change (e.g., from June 2005 to June 2006). Hence, a positive fPAR change between 2005 and 2006 does
not necessarily mean there was an increase in grass and weed biomass production in June 2006 than June
2005 but that the spatial distribution of grasses and herbaceous weeds was increased acrossthe area. In
addition, while the summary of field sample data and fPAR change |evels describe the spatial variability
of grasses and weeds, differences between years should not be used to quantify inter-annual variability of
grasses and weeds. For example, changes in above-ground forage biomassin MPC and MINC areas for
the periods 2005-2006 and 2007-2008 (Table 4) showed a reduction in both cases. However, compared to
MINC areas, MPC areas showed less of areduction in above-ground forage biomass. This example
supports the use of fPAR change as an indicator of changesin the spatial variability of grasses and weeds
and furthermore, demonstrates that more grasses were produced in MPC areas relative to the MINC areas.

Because each MODI S pixel can contain many different types of ground features (e.g., shrubs, grasses, and
weeds) the field measurements used in this study represent only a portion of a MODIS pixel's information.
It would be inappropriate to directly link a specific MODIS fPAR value to above-ground forage biomass
values for an individual sample plot. In addition, since different years statistics were based on a different
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number of sample plots, which consist of different percentages of shrubs, grasses, litter, weeds, and bare
ground, we cannot obtain field measured above-ground forage biomass change and percent cover change
at agiven sample plot across time. For these reasons, the study area was categorized into areas of
different fPAR change levels which were indirectly validated using above-ground forage biomass
statistics to represent the spatial variability of grasses and weeds. In future field surveys, we plan to
measure above-ground biomass for additional functional groups (e.g., forbs) at the same sample plot each
year and use composited above-ground biomass values to provide a better link with MODIS fPAR data.

Measurement of field fPAR is an arduous task and an insufficient number of field sites (e.g., flux tower)
make field fPAR data unavailable to many studies. Ideally, field measured fPAR data would have been
available for this study. However, in lieu of these data, we used an accumulation of 10 years of field data
(above-ground biomass and percent cover) for this study. In addition, TM fPAR estimations were
developed using the SR-fPAR retrieval algorithm to provide a cross-sensor comparison of fPAR.

The seasonal characteristics of fPAR change over semiarid rangelands (e.g., herbaceous plants have a
late-summer senescence period and fPAR values of herbaceous plantsin this period declined) were
considered in this study, and these fPAR change trends exhibited a positive relationship with changesin
above-ground forage biomass and percent cover of grasses and weeds. These results were used to
indirectly assess the MODIS fPAR product and the SR-fPAR retrieval algorithm used to produce a
Landsat 5 TM fPAR product. The methodology presented herein was specifically designed for use within
the semiarid sagebrush-steppe rangelands of southeastern Idaho, and should not be directly applied to
other ecosystems. Thisis because there may be little difference in fPAR between the active growth and
late-summer senescence periods in more humid rangelands or woodland ecosystems where precipitation
is more uniformly distributed throughout the year and distinct growing seasons/dry seasons are not
present. However, similar studies should be undertaken to further validate the MODIS fPAR product.

CONCLUSION

This study focused on the comparison and assessment of the MODIS fPAR product for semiarid
rangelands using cross-sensor comparisons with TM fPAR values as well as field-based observations and
measurements. Landsat-5 TM and MODI S fPAR data were compared between active growth periods
(June) and late-summer senescence periods (August) using measurements of above-ground forage
biomass and percent ground-cover from 2005, 2006, 2007, and 2008. Observed fPAR changes appear to
be afunction of changes in the compasition and percent cover of grasses and weeds within the study area
as grasses and weeds are more ephemeral and dynamic in nature relative to shrubs. In contrast to previous
MODIS fPAR validation studies, which noted that MODIS overestimated fPAR in many regions, this
study validated Collection 5 MODIS fPAR products and found the difference between MODIS fPAR and
TM fPAR values were very small small (x difference < 0.05). This may be the result of improvementsin
the Collection 5 MODIS fPAR retrieval algorithm.

Rangeland ecosystems are very important in the assessment of global ecosystem productivity, and
abundant field-based measurements are crucia to the validation of satellite-based fPAR products. Future
work will aim to collect additional field datato improve MODIS and TM fPAR applications for semiarid
rangelands.
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ABSTRACT

Eight vegetation indices (V1) commonly used for above-ground biomass (AGB) estimation were derived
from Satellite Pour I'Observation delaTerre 5 (SPOT 5) imagery and used to predict herbaceous AGB at
asemiarid rangeland study site in southeast Idaho. The relationship between herbaceous AGB and
vegetation water content was a so evaluated and as a result, a suite of water sensitive vegetation indices
(WSVI) were developed. Correlation coefficients between herbaceous AGB, VI's, and WSVI'swere

cal culated, demonstrating that WSV I's were correlated (r*> 0.51) with vegetation water content and
performed better than standard VI's in herbaceous AGB estimates within the semiarid rangelands of 1daho.

KEYWORDS: Rangelands, biomass, water content, vegetation indices, remote sensing, ldaho
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INTRODUCTION

Rangelands cover approximately 40% of the earth’ s terrestrial surface and are important areas for
livestock production and wildlife habitat (Breman and de Wit 1983; Huntsinger and Hopkinson 1996). To
effectively manage rangelands it is important to assess ecosystem productivity and biomass production
(Running et a. 2004). Biomass estimates represent the quantity of matter in a given areaand are
expressed either as the weight of organisms per unit area or as the volume of organisms per unit volume.
Previous total above-ground biomass (AGB) research has demonstrated that vegetation indices (V1) are
sengitive to the biophysical and biochemical variationsin vegetation and as a result, are the most common
parameters used to estimate AGB (Davidson and Csillag 2001; Kawamura et al. 2005; Numata et al.
2008). A remote sensing derived V1 is a quantitative optical measure of canopy greenness (Tucker 1979;
Weiser et al. 1986). Various VI's such as the normalized difference vegetation index (NDVI), normalized
difference water index (NDWI) and soil adjusted vegetation index (SAV1) have been correlated with
AGB, and applied to predict AGB within a variety of biomes (Davidson and Csillag 2001; Kogan et al.
2004; Mirik et al. 2005; Wessels et al. 2006; Numata et al. 2008; Cho and Skidmore 2009) (Table 1).
Recently, ground-based and satellite-based spectral measurement methods have been developed to better
quantify AGB. For instance, many ground-based methods use portable field spectroradiometers or digital
cameras (e.g., ASD spectrometers, ASD Inc, Boulder, CO,USA; Dycam Agricultural Digital Camera
(ADC), Dycam Inc, Chatworth, CA, USA) to collect canopy radiance and predict AGB through an
empirical relationship between spectral values and biomass samples (Boelman et al. 2003; Flynn et al.
2008; Maskova et al. 2008). These methods are straightforward and accurate for small-scale studies (e.g.,
approximately 1-10 ha), however, they are also labor intensive and difficult to apply over broad spatial
scales or long-term temporal scales.

Table 1. Vegetation indices correlation with total above ground biomass (AGB) reported in different studies

Study area Sensor Index R? Sources
Kentucky, USA  Greenseeker RT500 NDVI 0.68 Flynn et a., 2008
Southern Africa  Landsat7 -ETM+ Green/Blue 0.85 Samimi and Kraus, 2004
Inner Mongolia, MODIS NDVI 0.75 Kawamuraet al., 2005
China
Italy HyMap NDVI 0.32-0.58 Cho and Skidmore, 2009
NDWI 0.49-0.55
Czech Republic  ADC NDVI 0.83 Makovaet .. 2008
(managed)
0.52
(unmanaged)
Namibia AVHRR NDVI 0.76 Sannier et d., 2002
Northern Alaska UniSpec-DC NDVI 0.84 Boelman et a., 2003
Italy NDVI 0.32 Schino et a., 2003
Brazilian Analytical Spectra NDVI 0.03
Amazon Device Numata et al., 2008
NDWI 0.13
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Theincreasing availability of satellite-based remote sensing data extends the assessment of AGB into a
broader spatiotemporal scale. For example, remotely sensed data acquired from various sensors have been
used to assess AGB including NOAA's AVHRR (Box et a. 1989; Sannier et d. 2002; Kogan et a. 2004;
Wessels et al. 2006), MODIS (Kawamura et al. 2005; Xu et a. 2008), Landsat-5 TM and Landsat-7
ETM+ (Friedl et a. 1994; Schino et a. 2003; Samimi and Kraus 2004), SPOT VEGETATION
(Verbesselt et al. 2006), and hyperspectral sensors such as PROBE-1, Hyperion, and the HyMap system
(Mutanga and Skidmore 2004; Mirik et a. 2005; Numata et al. 2008; Cho and Skidmore 2009).

Although many studies have investigated the ability to assess AGB from VI's, many problems have been
found. One problem isthat an empirical relationship derived by a V1 for the accurate prediction of AGB
at one site or time period may not apply to other sites or even the same site at another time (Foody et al.
2003). This problemis primarily due to variations in the natural environment (e.g., variable precipitation,
soil-water content, and temperature conditions), viewing season (e.g., phenology during the growing
season), and the sensor used in the study (e.g., differencesin spatial resolution and other sensor
characterigtics) (Davidson and Csillag 2001; Schino et a. 2003; Flynn et al. 2008). In addition, since VI's
have differing abilities to provide accurate estimates of AGB, it is difficult to determine an optimal VI for
aspecific study. For example, the same VI (e.g., NDV1) may have different prediction accuracies within
various regions, yet different types of VI's (e.g., NDVI vs NDWI) may perform quite differently within
the same region (Table 1). These problems limit the transferability of predictive relationships and the
effectiveness of VI'sto estimate AGB.

Approximately 48 percent of Idaho is considered rangeland, and many of these areas are categorized as a
semiarid sagebrush-steppe ecosystem (http://www.idrange.org). AGB estimation in the semiarid
rangelands of the Intermountain West plays an important role in rangeland ecosystem assessment. In the
semiarid rangelands of Idaho, high temperatures hasten the desiccation of plants and many grass species
senesce during the summer. The relationship between herbaceous AGB and VI'sis most accurately
estimated when the proportion of green or growing material is high (Hill 2004; Numata et a. 2008)
relative to the proportion of bare ground and/or litter. While important, determining an optimal VI for the
accurate estimation of seasonal herbaceous AGB in semiarid rangelands may be difficult.

Most VI's used for AGB estimation are based on radiance or reflectance from ared band (RED) around
0.66 um and a near infrared band (NIR) around 0.86 um (Huete et al. 2002; Chuvieco et al. 2004). The
RED band characteristically shows a strong chlorophyll absorption region for vegetation and strong
reflectance for soils, while the NIR band is located in the high reflectance plateau of vegetation canopies.
Since absorption by liquid water near 0.86 pum is negligible, NIR reflectance is affected primarily by
internal leaf structure and cellulose content (Gao 1996). In contrast, the short-wave infrared band (SWIR)
(around 1.24um) islocated in the high reflectance plateau of vegetation reflectance with weak liquid
absorption (canopy scattering enhances the water absorption) (Jacquemoud et a. 1996; Jackson et al.
2004). The SWIR band reflects changes in both the vegetation water content and the spongy mesophyl|
structure of vegetation. The combination of the NIR band with the SWIR band can remove variation
induced by internal leaf structure and leaf dry matter content (Gao 1996; Ceccato et al. 2001). This
combination of these bands (NIR and SWIR) is also sensitive to changesin liquid water content within
the vegetation canopy (Serrano et al. 2000; Zarco-Tejadaet a. 2003).
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In this study, a suite of water sensitive vegetation indices (WSV1) were devel oped incorporating the NIR
and SWIR portions of the el ectromagnetic spectrum, to help characterize plant water content and better
estimate herbaceous AGB in semiarid rangeland ecosystems. The study was designed to investigate the
applicability of various VI's for the assessment of herbaceous AGB in the semiarid rangelands of Idaho,
USA. To accomplish this, eight VIS including difference vegetation index (DV1, Richardson and Everitt
1992), ratio vegetation index (RV1, Jordan 1969), normalized difference vegetation index (NDV I, Rouse
et a. 1973), re-normalized difference vegetation index (RDV I, Roujean and Breon 1995), soil adjusted
vegetation index (SAVI, Huete 1988), the second modified soil adjusted vegetation index (MSAVI12, Qi
et a. 1994), infrared percentage vegetation index (IPV1, Crippen 1990), and modified ssimple ratio (MSR,
Chen 1996), were derived from Satellite Pour I'Observation dela Terre 5 (SPOT 5) imagery. In addition,
the relationship between herbaceous AGB and total water content was determined. Finally, correlation
estimates between herbaceous AGB, VI's, and WSV I's were calculated, and the performance of
herbaceous AGB predictions from both VI's and WSV I's were evaluated using fiel d-based measurements
of herbaceous AGB.

MATERIALSAND METHODS

Study Area

The study area, known as the Big Desert, liesin southeast Idaho, USA, approximately 71 km northwest of
Pocatello. The center of the study areawas located at 113° 4' 18.68" W and 43° 14' 27.88" N (Figure 1).
This areais managed by the US Bureau of Land Management (BLM) and exhibits a large variety of
native as well asinvasive plant species. The areais a semiarid sagebrush-steppe ecosystem with a high
proportion of bare ground (X bare ground > 17%, Studley et a. 2009). The areais sagebrush-steppe,
consisting primarily of native and non-native grasses, forbs, and many shrub species including sagebrush
(Artemisia tridentata) and rabbit brush (Chrysothamnus nauseosus). Annual precipitation is 23 cm with
40% of the precipitation falling from April through June. The areais bordered by geologically young lava
formations to the south and west and irrigated agricultural lands to the north and east. Sheep grazing isthe
primary anthropogenic disturbance to the study area with semi-extensive continuous/seasonal grazing
systems used on allotments ranging in size from 1100 to over 125,000 ha. Wildfire is acommon
disturbance and nearly 40% of the study area has burned in the past 10 years.
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Figure 1. L ocation and general characteristics of the Big Desert in southeastern, | daho. Note: no weather
station survey site was available within the Big Desert study area however, nine siteswer e located which
bound the study area. Though some sitesare in the mountains, the weather there hasidentical change trends
compared to the snakeriver plain.
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Field Data Collection

This study presents results using total herbaceous AGB measurements only and does not include any
measurements of shrub biomass production. Twenty-nine sample |ocations were selected for the
collection of herbaceous AGB, which has been defined as al grasses, forbs, and standing litter for the
purposes of this study. Site selection criteriaincluded the site being a homogeneous area at least 20 m x
20 minsize (cf., spatia resolution of SPOT satellite imagery = 10 m x 10 min size, thus helping to
assure the sampl e pixel was also homogeneous) with still larger areas being preferred. The domination
plantsin each site are herbaceous vegetations, with the plot center > 70 meters from any “edges’
including roads, fences, or power lines, and plot perimeters >100 meters from all other plots. Preference
was given to sites with perimeters located >250 meters apart. The location of each sample plot center was
recorded using a Trimble Geo XH GPS receiver using latitude-longitude (WGS 84). All GPS data were
post-process differentially corrected (+/- 0.10 m after post processing with a 95% CI using reference
stations located <80 km from the study area) to ensure the sample location was registered with the correct
and representative pixel within the satellite imagery (Weber 2006; Weber et al. 2008).

Available herbaceous AGB was measured using a plastic coated cable hoop 2.36 metersin circumference.
The hoop was randomly tossed into each of four quadrants (NW, NE, SE, and SW) centered over the
sample point. All herbaceous vegetation within the hoop were clipped as close to the ground as allowed
by the clipper (approximately 5mm of the ground surface) and weighed immediately (+/- 1g) using a
Pesola scale tared to the weight of an ordinary paper bag. The samples were taken to the laboratory, and
dried in 75 °C ovensfor 48 hours. After drying, the samples were re-weighed to determine vegetation
water content. Biomass was estimated following Sheley (1999) and expressed in kilograms per hectare.

Vegetation Indices Derived from SPOT 5 Imagery

Satellite Pour I'Observation de laTerre 5 (SPOT 5) multispectral imagery (10 m x 10 m pixels) was
acquired for the Big Desert study area on June 27, 2009. The imagery was georectified against 2004
National Agriculture Imagery Program (NAIP) natural color aerial imagery (1 mx 1 m pixels).
Atmospheric correction was performed with Idrisi Taiga (v16.03) using the ATMOSC module (Clark
Labs, Worcester, MA). All imagery was corrected for atmospheric effects using the Cos(t) model (Chavez
1996) and input parameters reported in the metadata supplied by SPOT Image Corporation. The imagery
was then projected into Idaho Transverse Mercator (NAD 83). The eight VI's used in this study were
derived from the SPOT 5 imagery.

Water Sensitive Vegetation Indices

Using the same SPOT5 imagery, eight WSV I's were devel oped by directly substituting the SWIR band
for the RED band within the eight VI's described above (Table 2). The "Sample" tool within ESRI’'s
ArcGIS 10 was then used to extract VI and WSV values at each sample site (n = 29). Theresulting data
were exported to SPSS (V 17.0) for further analysis. Correlations between VI/WSV| values and measured
herbaceous AGB were used to determine the applicability and efficacy of each.
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Table 2. Water sensitive vegetation indices (WSVI) used to estimate her baceous total above ground biomass
(AGB) (note the substitution of the SWIR band for the RED band [cf. table 2])

Index Formula
DWI NIR — SWIR
RWI NIR/SWIR
NDWI NIR — SWIR
NIR + SWIR
RDWI NIR — SWIR
VNIR + SWIR
SAWI (NIR — SWIR)(1 + L) here L — 0.5
NIR + SWIR +1 ' vreret=">
MSAWI2 2NIR + 1 —/(2NIR + 1)2 — 8(NIR — SWIR)
2
IPWI NIR
NIR + SWIR
NIR _
MWSR SWIR _—
NIR
swir T 1

RESULTS AND DISCUSSION

Field-based herbaceous AGB estimates ranged from 518 kg/hato 8075 kg/ha (x = 2982 kg/ha) based on
vegetation samples collected at 29 field locations. Using linear regression analysis between each VI and
herbaceous AGB measurements, the relationship between these variables was described (Table 3). Based
upon these results, it was noted that the relationships varied greatly and the strength of al correlations
were relatively weak (0.28 < r* < 0.40). This was likely attributable to the mixture of photosynthetic and
non-photosynthetic plant material found in the field and correspondingly, in the herbaceous AGB samples
used in thisstudy. As aresult, the VI's provided poor estimates of herbaceous AGB. Furthermore, the
prediction of herbaceous AGB was least well explained using NDV1 (r? = 0.28, p= 0.003) and as a resuilt,
NDV1 was not considered areliable predictor of herbaceous AGB in this study area, though it remains
one of most widely used VI'sfor AGB prediction and many other vegetation studies.
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Table 3. Correlation between herbaceoustotal above ground biomass (AGB) and the VI'sand WSVI's used
in this study (r* = coefficient of deter mination)

Standard VI's using Red and NIR bands Water sensitive VI's using NIR and SWIR bands
Index r’ F-value p Index r’ F-value p

DVI 0.40 17.9 <0.001 DWI 0.53 30.1 <0.001
RVI 0.35 14.3 0.001 RWI 0.54 31.2 <0.001
NDVI 0.28 10.6 0.003 NDWI 0.52 29.0 <0.001
RDVI 0.35 14.3 0.001 RDWI 0.52 29.8 <0.001
SAVI 0.37 15.8 <0.001 SAWI 0.53 29.8 <0.001
MSAVI2 0.39 17.0 <0.001 MSAWI2 0.53 30.3 <0.001
IPVI 0.28 10.6 0.003 IPWI 0.52 29.0 <0.001
MSR 0.32 12.6 0.001 MWSR 0.53 30.3 <0.001

Based on field survey data, the relationship between herbaceous AGB and vegetation water content
(Figure 2) revealed a significant correlation (r*= 0.94, P < 0.001). Related studies have shown that grass
biophysical parameters such as |leaf areaindex are related to liquid water content (Hunt and Rock 1989;
Raoberts et al. 1997, 2004). Numata et al. (2008) indicated water absorption spectra between 1100 and
1250 nm had a significant correlation with canopy water content and suggested the use of water
absorption features (i.e., water absorption depth and water absorption area) may improve the accuracy of
biomass estimation. Therefore, the hypothesis that an index that closely correlates to water content may
also exhibit strong correlation with herbaceous AGB was tested.
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Figure 2. Relationship between herbaceoustotal above ground biomass (AGB) and vegetation water content.

In order to validate this hypothesis, the eight VI's used in this study along with eight WSVI's were
correlated against vegetation water content (Table 4). The observed correlation between the VI's and
vegetation water content were relatively weak (0.30 < r* < 0.40), while the WSV I's were more highly
correlated (r* > 0.51) with vegetation water content. These results suggest the combination of NIR and
SWIR bands are more sensitive to changesin liquid water content within vegetation, and that WSV I's
exhibit a better response to water content of herbaceous vegetation in semiarid rangeland ecosystems.
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Table 4. Coefficients of deter mination (r?) calculated for the relationships between vegetation water content
and vegetation indices

Standard VI's using Red and NIR bands Water sensitive VI'susing NIR and SWIR bands
Index r’ F-value p Index r’ F-value p

DVI 0.40 17.9 <0.001 DWI 0.52 294 <0.001
RVI 0.35 14.8 0.001 RWI 0.52 29.7 <0.001
NDVI 0.30 11.6 0.002 NDWI 0.52 285 <0.001
RDVI 0.36 15.0 0.001 RDWI 0.52 29.1 <0.001
SAVI 0.38 16.2 <0.001 SAWI 0.52 29.2 <0.001
MSAVI2  0.39 17.2 <0.001 MSAWI2 052 29.5 <0.001
IPVI 0.30 11.6 0.002 IPWI 0.51 285 <0.001
MSR 0.33 134 0.001 MWSR 0.52 29.2 <0.001

Linear relationships were determined between eight WSV 1's and herbaceous AGB (Table 3). In
comparison to the more traditional V1's (r? < 0.40), the WSV I's exhibited much stronger relationships
with herbaceous AGB (r* > 0.52). In addition, it is noted that the NDWI (based on the same simple band
ratio structure as NDV I [NDVI=(NIR-R)/(NIR+R)]), better explained the variation in herbaceous AGB
relativeto NDVI (i.e., coefficient of determination increased from 0.28 to 0.52). Thisresult issimilar to
previous research reporting that NDW!I performed better in drought conditions than NDV1 (Verbesselt et
al. 2006a; Gu et a. 2007). These results further suggest that herbaceous AGB is highly correlated with
vegetation water content and that WSV I's can more accurately predict herbaceous AGB for semiarid
rangeland sites.

This study was designed for herbaceous AGB estimation in semiarid rangeland of Idaho. The
relationships reveaed by the study are till condition-specific and should not be directly extrapolated to
other regions, however, the specific approach developed in this study can be used across other rangeland
areas.

Assessment of Error and Bias

It isdifficult to collect alarge numbers of field-measured AGB data, and we used arélatively small
sample size (n=29) in this study. Because the limitation on sample size may influence the strength of each
index, the robustness of the correlation between WSV I's and AGB were tested using the jackknife method
(Table 5) (Efron and Gong 1983; Buermann et a. 2008). Small RM SE values were computed and the
mean r-sgquare values calculated by the jackknife method were similar to the r-square values given in
Table 3. We conclude that the observed correlation between WSV I's and AGB were not highly influenced
by afew individual samples and the regression and correlation results presented herein are robust.
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Table 5. Therobustness of the correlation between WSVI'sand AGB wer e tested by the jackknife method

Index Mean r’ RMSE

DWI 0.52 0.032
RWI 0.54 0.026
NDWI 0.51 0.038
RDWI 0.52 0.031
SAWI 0.51 0.036
MSAWI2 0.51 0.038
IPWI 0.52 0.019
MWSR 0.53 0.037

Previous studies have demonstrated varied results with VI's and each reveal different strengths of
correlations with AGB under specific conditions dependent upon the phenology of plants within a given
growing season (Reeves et a. 2001). Cho and Skidmore (2009) indicate VI's are highly correlated (r? >
0.50) with AGB when the vegetation was in the early stages of senescence. In semiarid rangeland
ecosystems, high summer temperatures hasten the desiccation of plants, and many plants begin
senescence in mid-late June. In this study, all herbaceous AGB data were collected between July 1 and
July 9, 2009. Based on monthly precipitation data provided by the United States Department of
Agriculture (USDA) Natural Resources Conservation Service (NRCYS)
(http://www.id.nrcs.usda.gov/snow/data/historic.html) and the United States Bureau of Reclamation
(USBR) AgriMet Program (http://www.usbr.gov/pn/agrimet/), it is noted that mean monthly precipitation
between April and July 2009 (260 mm) was greater than the monthly precipitation during the same time
period in either 2007 (140 mm) or 2008 (92 mm), and that precipitation in June substantially increased in
2009 (48 mm [2007], 21mm [2008],141 mm [2009]). (Figure 1) (Table 6; Table 7). These statistics, along
with cooler than average temperatures, suggest that senescence may have been delayed in 2009, with the
experimental time period of this study falling within the early stages of senescence. Numata et a. (2008)
achieved very poor correlation between NDWI/NDV | and herbaceous AGB (Table 1) because their field
sampling occurred much later in the season (beginning of August) and during atime of the year when
most herbaceous plant materials were aready senesced.
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Table 6. Natural Resour ces Conservation Service (NRCS) and AgriM et survey sitelist along with monthly

precipitation (mm) and monthly mean temperature (°C)

Site name Lat Long Year Precipitation Mean temperature
April May June July Totd | May June July
2007 43 8 25 28 104 9 13 19
Garfield 43°36' -113°55" 2008 23 43 13 23 102 | 16 19 20
R.S. 2009 30 71 203 20 324 8 10 16
2007 56 15 30 38 139 8 13 19
Swede 43°37° -113°58'" 2008 25 28 3 0 56 7 12 18
Peak 2009 28 43 200 23 295 7 9 15
2007 89 33 89 15 226 6 10 17
Smiley 43°43  -113°50' 2008 30 9 48 13 185 3 8 15
Mountain 2009 89 91 180 43 403 5 7 13
2007 150 30 117 25 322 8 12 18
Howell 42°19° -113°36' 2008 56 76 58 15 205 5 10 17
Canyon 2009 124 66 170 3 363 7 9 16
2007 86 25 74 13 198 | 10 13 18
Wildhorse  42°45' -112°28' 2008 36 66 33 0 135 7 12 17
Divide 2009 107 58 163 36 364 9 11 16
2007 30 5 39 5 79 13 17 23
Fort Hall 43°04'° -112°25' 2008 3 37 9 4 53 11 16 20
2009 31 29 97 15 172 | 12 15 20
2007 19 9 20 8 56 14 17 23
Rupert 42°35' -113°52" 2008 3 17 12 7 39 12 17 21
2009 26 18 53 6 103 | 13 15 21
2007 23 3 10 3 39 13 18 24
Picabo 43°18 -114°09' 2008 7 22 7 0 36 11 16 21
2009 20 41 98 8 167 | 12 14 20
2007 36 3 30 14 83 14 18 23
Aberdeen 42°57° -112°49' 2008 4 23 6 1 34 12 16 21
2009 23 22 102 17 164 | 13 15 20
Table 7. Analysis of precipitation (mm) and temperature (°C) on 2007, 2008 and 2009
Average precipitation Average temperature o Standard
vear April May June Juy May June July Totdl precipitation deviation
2007 59 15 48 17 11 15 20 140
2008 20 45 21 7 9 14 19 92 56"
2009 53 49 141 19 10 12 17 260 69

IStandard deviation of precipitation for 2007 and 2008.
“Standard deviation of precipitation for 2008 and 2009.
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NDVI physically responds to chlorophyll absorption and is not directly related to the quantity of water in
the vegetation (Ceccato et a. 2002). Cheng et al. (2008) indicate that NDV | shows correlation with water
content was probably due to the correlation to green leaf density. Because of the sparse vegetation and dry
plant matter (litter) found in semiarid regions, NDV| was not areliable indicator of water content or
herbaceous AGB in this study. However, some AGB estimates have shown strong NDV | correlations to
biomass (r? > 0.50), but this may be because these study areas were more homogeneous and/or contained
ahigher proportion of green grass cover (Maskova et a. 2008). The accuracy of herbaceous AGB
predictions based upon remotely sensed data is strongly influenced by the presence and abundance of
grass species as well as the presence and abundance of bare ground and other spectral distraction features.
A more homogeneous surface always provides higher correlations between remotely sensed measures and
herbaceous AGB estimates compared to more heterogeneous surfaces (Numata et al. 2008). In addition,
as opposed to the traditional VI, the WSV I's have the advantage of leveraging liquid water absorption
regions to more accurately predict water content even in areas without contiguous spectral coverage
(Serrano et a. 2000). Thisis possibly one reason why the WSV I's performed better in the semiarid
rangelands of Idaho.

CONCLUSION

This study focused on the estimation of herbaceous AGB in the semiarid rangelands of 1daho. Based on a
survey of herbaceous AGB, a significant correlation (p < 0.001) between herbaceous AGB and vegetation
water content was found. In addition, a suite of WSV I's were developed that describe water content and
herbaceous AGB in semiarid rangeland ecosystems. Correlation estimates between herbaceous AGB, VI's,
and WSV I's were calculated, and the performance of herbaceous AGB predictions for both the VI's and
WSV I's were eval uated using field-based measurements of herbaceous AGB. Results demonstrate the
WSVI's were correlated (r’> 0.51) with vegetation water content and performed better in herbaceous
AGB estimation for the semiarid rangelands of 1daho relative to VI's. Furthermore, it was noticed that not
only did vegetation water content influence the accuracy of herbaceous AGB estimates, but based on
findings reported in other studies, phenological stage and plant community structure aso influence the
accuracy of herbaceous AGB estimates derived from remotely sensed data. Numerous factors influence
the successful use of remote sensing data for the estimation of herbaceous AGB and water content,
described using WSV I's, explained approximately 50% of the variance in herbaceous AGB measurements
collected as part of this study. Other factorsthat likely play arole include sun angle, shadow,
georegistration, and the varying affect of soils. Future work will seek to assess a more comprehensive
characterization of the influence of these factors on herbaceous AGB estimations in semiarid rangel ands.
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ABSTRACT

Annual vegetation trends for the 2007 calendar year were analyzed across rangel ands of southeast 1daho
using MODIS 16-day composite NDV|. These data characterize rangeland phenology by providing
maximum NDV I throughout each compositing period. Resultsillustrate NDVI valuesin semiarid
rangelands of 1daho exhibit a bimodal curve and suggest maximum productivity occurs early in spring
followed by a secondary period of heightened productivity in autumn. While these periods of
photosynthetic activity are not anal ogous with above ground biomass or standing crop, these observations
represent important considerations for improved understanding of rangeland dynamics and plant
phenology, relative to ecosystem productivity.

KEYWORDS: Rangeland, remote sensing, NDVI, MODIS, digital change detection, vegetation index
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INTRODUCTION

NASA’s Earth Observing System (EOS) is a coordinated series of polar-orbiting low inclination satellites
designed to support long-term global observations. Measurements collected by the Moderate Resolution
Imaging Spectroradiometer (MODIS) instruments of EOS are used to cal culate Normalized Difference
Vegetation Indices (NDVI) which are the basis of this study exploring the phenological cycle of semiarid
sagebrush-steppe vegetation communities in southeast Idaho.

The Terra satellite, also known as EOS-AM-1, has a morning equator crossing time (Hobish, 2009) and is
considered the flagship of the EOS platforms. Terra provides global data on the state of the atmosphere,
land and oceans (Netting, 2008) and includes five state-of -the-art instruments: an Advanced Space borne
Thermal Emission and Reflection Radiometer (ASTER), a Multi-angle Imaging Spectro-Radiometer
(MISR), a Clouds and the Earth's Radiant Energy System (CERES) monitor, a Measurements of Pollution
in the Troposphere (MOPIT) sensor, and MODIS. On February 24, 2000, Terra began collecting a
planned 15-year global data set. The Terra satellite orbits the earth at an altitude of 705 km and is sun-
synchronous, so that it crosses any given latitude directly overhead at the same time each day.

The MODIS instrument employs a whiskbroom imaging-radiometer that consists of a cross-track scan
mirror and collecting optics, and a set of linear detector arrays with spectral interference filters located in
four focal planes (Jensen 2005). These instruments provide daylight reflection and day/night emission
spectral imaging for any point on the Earth at least every two days, under continuous operation (Graham,
2008). The MODIS sensor is a 36-band spectroradiometer that measures visible and infrared radiation
from 0.4 to 14.5 pum, and was selected for diagnostic significancein Earth science. The individua
spectral bands have spatial resolutions of 250 m, 500 m, or 1000 m at nadir. The measurements made by
the MODIS sensor yield data used to develop products ranging from vegetation indices and productivity
estimates, land surface cover, ocean chlorophyll fluorescence, as well as cloud and aerosol properties, fire
occurrence, terrestrial snow cover, and seaiice cover (Running et al., 1994).

There are 62 different MODIS products with full descriptions available on the Internet (EOS Data
Products Handbook, Volume 1 [King, et. al, 2004]). The MODIS product used in this study was
MOD13Q1 (250m vegetation indices with 16-day temporal granularity). The MOD13Q1 product isa
composite of datafrom the Terra satdllite and includes Normalized Difference Vegetation Index (NDV1)
imagery as well as Enhanced V egetation Index (EV1) imagery. Atmospherically corrected bi-directional
surface reflectance with masking for water, clouds, heavy aerosols, and cloud shadows form the basis for
these products. The vegetation index products represent a 16-day composite at 250-meter spatial
resolution in a Sinusoidal projection. This particular composite alows the algorithm to include only
values that are acquired during cloud free days and/or days when the datais considered more reliable due
to the absence of water, clouds, and heavy aerosols in the atmosphere.

The Normalized Difference Vegetation Index (NDVI)

NDVI isan environmental model based on deductive logic and empirica data and isthe result of the
relationship between the amount of near-infrared (py;, ) and red ( preq) Spectral reflectance of land cover
(Skidmore, 2002). Both near-infrared (pyir ) and red ( preq) Spectral reflectance are measured at the sensor
and are therefore considered empirically derived field measurements. However, because reflected energy
travel s through alarge amount of atmosphere before it is measured by the sensor, numerous attenuation
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factors affect the signal measured at the sensor. While atmospheric correction algorithms can be used to
eliminate these factors, none are perfect as several input variables required to complete the calculations
are estimates or constants (e.g., optical thickness) while other factors are variable across a scene (i.e.,
viewing angle changes dightly from scene center to its edges). Nonetheless, NDV1 is a valuable product
that has been used to monitor seasonal and inter-annual changes in vegetation growth and activity
(Jensen, 2005).

Bands 1 and 2 of the MODI S sensor collect measurements of surface reflectance in the visible red (620 —
670 nm) and near infrared (841-876 nm) regions of the electromagnetic spectrum (EMS). These bands are
then used in a simple band ratio to estimate NDV | (Equation 1)

NDVI = (prir — pred) / (Prir + Pred) @)

The chlorophyll of green leaves absorb most of the visible light within the red portion of the EM S for use
in active photosynthesis, while the cell structure of leaves reflects light in the near-infrared portion of the
EMS (Figure 1). A plant that is actively photosynthesizing will absorb most of the visible light available,
resulting in preq being very small and NDV 1 values being very closeto one (1). In contrast, senescent
vegetation will absorb much less visible light resulting in smaller NDV| values (close to zero). Water
typicaly hasan NDVI value less than O, bare soils between 0 and 0.1 and vegetation >0.1 (Table 1).

' near near

‘infrared ~ Visible - " . infrared ViSible

/

50% L 10%:. | 140%

(050-010) i (0.40-0.30)
NDVI = - 067 NDVI = =
(0.50 + 0.10) (0.40 + 0.30)

0.14

Figure 1. Photograph illustrating how the ratio of reflectance can change within a growing season. Photo on
theleft wastaken in late-May while the photo on theright wastaken in September (illustration by Keith T.
Weber, modeled after Weier and Herring, 2008).
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Table 1. Typical NDVI valuesfor various cover types (from Holben [1986])
COVERTYPE RED NIR NDVI

Dense vegetation 0.100 0.500 0.700

Dry Bare soil 0.269 0.283 0.025
Clouds 0.227 0.228 0.002
Snow and ice 0.375 0.342 -0.046
Water 0.022 0.013 -0.257

The NDVI equation (Equation 1) resultsin a dimensionless value (index) that indicates the abundance
and relative level of photosynthetic activity of green vegetation. Environmental conditions such as soil
color, atmospheric conditions, litter abundance, etc., effect reflectance values in both the red and near-
infrared regions of the EM S and thereby effect NDVI. The theory behind ratioing the componentsin the
NDV1 equation was that these noise factors (atmospheric conditions, etc.) would be compensated for;
however, some still affect vegetation index values (e.g., litter) making these data difficult to apply
directly. However, the calibrated hyperspectral sensor system of MODIS and the algorithms used to
generate its various products further reduce the effects of the environmental factors and thereby increase
the reliability of MODIS products. The MODI S product used in this study (MOD13Q1) includes the two
vegetation indices (NDVI and EVI) as well as the source data (red and near-infrared reflectance) used to
compute the respective indices (Table 2). In addition MOD13Q1 includes alayer indicating areliability
rating for each pixel throughout the 16-day compositing period (Table 3).

Table 1. Science Data Setsfor MODIS Terra Vegetation Indices 16-Day L 3 Global 250m SIN Grid V005

(MOD13Q1)
Science Data Sets UNITS BIT TYPE FILL VALID MULTIPLY
RANGE BY
(HDF Layers) (12) SCALE
FACTOR

250m 16 daysNDVI  NDVI 16-bit signed -3000 -2000, 0.0001
integer 10000

250m 16 days EVI EVI 16-bit signed -3000 -2000, 0.0001
integer 10000

250m 16 days VI Bits 16-bit unsigned 65535 0, 65534 NA

Quality detailed QA integer

250m 16 daysred Reflectance 16-bit signed  -1000 0, 10000 0.0001

reflectance (Bandl) integer

250m 16 days NIR  Reflectance 16-bit signed  -1000 0, 10000 0.0001

reflectance (Band2) integer

250m 16 days blue Reflectance 16-bit signed  -1000 0, 10000 0.0001

reflectance (Band3) integer

250m 16 days MIR Reflectance 16-bit signed  -1000 0, 10000 0.0001
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reflectance (Band7) integer

250m 16 daysview Degree 16-bit signed - -9000, 9000 0.01
zenith angle integer 10000

250m 16 dayssun Degree 16-bit signed - -9000, 9000 0.01
zenith angle integer 10000

250m 16 daysrel.  Degree 16-bit signed  -4000 -3600, 3600 0.1
azimuth angle integer

250m 16 days Julian day of 16-bit signed -1 1, 366 NA

composite the year integer

day of the year

250m 16 days Rank 8-hit signed -1 0,3 NA

pixel reliability integer

summary QA

Table 2M OD13Q1 pixel reliability codes and descriptions

Rank Key Summary QA Description

-1 Fill/No Data Not Processed

0 Good Data Use with confidence

1 Marginal Data Useful, but look at other QA information
2 Snow/Ice Target covered with snow/ice

3 Cloudy Target no visible, covered with cloud

This study used MOD13Q1 imagery data collected throughout 2007 to investigate the intra-annual NDV |
curve for the Big Desert study area in southeast 1daho. The investigation sought to determine the type of
trendline exhibited over semiarid sagebrush-steppe rangelands to better understand seasonal changesin
vegetation and the phenological cycle of the shrubs, grasses, and forbs found in the region.

METHODS

Study Area

The Big Desert study areais approximately 71 km northwest of Pocatello with the center of the study area
located at approximately 113° 4’ 18.68” W and 43° 14’ 27.88" N. The Big Desert study area extends over
nearly 120,000 hectares (Figure 2) and exhibits a topography that isflat to gently rolling hills with
frequent lava outcrops. Dominant shrubs include Wyoming big sagebrush (Artemisia tridentate
wyomingensis), three-tip sagebrush (A. tripartite), and Green Rabbitbrush (Chrysothammus viscidiflorus).
The understory is mainly bluebunch wheatgrass (Agropyron spicatum) with Sandberg bluegrass (Poa
sandbergii) and bottlebrush squirreltail (Sitanion hystrix). Cheatgrass (Bromus tectorum) isthe most
common non-native invasive species. |n addition, some portions of the Big Desert study area have been
seeded with crested wheatgrass (Agronpyron cristatum) (Wakkinen et al., 1992) (Sander and Weber,
2005) as aresult of wildfires. Livestock (primarily sheep) graze much of the study area and in August
2006, the Crystal Fire burned nearly 90,000 ha (Osmond et al., 2006) of the Big Desert.
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Legend

Interstate Highway
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l:l American Falls Reservoir
[ Big Desert Study Area

Figure 2. Location of the Big Desert study area in southeast | daho.

Sample Design

The sample points (h = 119) used to extract NDV I values from the MODIS NDV product were a subset
of field sample locations used in previous studies between 2006 and 2008 (Tedrow et al., 2008; Anderson
et al., 2007; Underwood et al., 2006). In each of these previous studies, vegetation data were collected at
approximately 100 randomly located sample points. Many of these sampling points were linked to a set
of four photographs taken at the sample site looking north, south, east, and west. The subset of sample
points used in this study were outside the perimeter of the 2006 Crystal Fire and were a minimum of 350
meters from all other sample pointsto avoid the possibility of two sample points being located in the
same 250-m pixel and to reduce any spatial autocorrelation effects. In cases where two points were
located within the same pixel, the sample point contai ning more current and complete field data was
selected for use in thisstudy. Thefinal set of samples (n = 119) included 69 with field photographs taken
at thetime of data collection (Figure 3).
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Legend
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Figure 3. Locationswithin the Big Desert study area used to extract NDVI valuesfrom MODI S imagery (cf.
Figure2).

Image Data

The MOD13QL1 data for the 2007 caendar year included 23 datafiles obtained viathe Internet
(ftp://e4ftl0lu.ecs.nasa.gov/MOLA/MY D130Q1.005). The file naming system employed at this site
followed convention that provided much useful information and facilitated the discovery and selection of
imagery (e.g., file names [MOD13Q1.A2007145.h09v04.005.2007181101531.hdf] can be interpreted
using Table 4).

Table 4 File naming Convention used for MODI Sfiles obtained from NASA

Name Part Description

MOD130Q1 Product Short Name — MODIS Sensor from Terra Satellite
A2007145 Julian Date of Acquisition (A-YYYYDDD)

HO9v04 Tile Identifier (horizontal XX vertical YY) from the Sinusoidal Tiling

System (Figure 4). The longitudinal minimum is-140.0151 and the
longitudina maximum is-104.4217. The latitudinal minimum is 40.00
and the latitudinal maximum is 50.00.

005 Collection Version

2007181101531 Julian date of Production (YYYYDDDHHMMSS)
Y =2007,D=181,H=10,M =15,S=31

Hdf Data format
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Figure4. MODI S Sinusoidal Tiling System (from http://modis-land.gsfc.nasa.gov/M ODLAND_grid.htm).

GIS Processing
Thefirst of the 12 layersin each HDF dataset contained NDV | imagery. These data were projected into

Idaho Transverse Mercator (NAD83) and then clipped to the Big Desert study areausing ESRI ArcGIS.
The ESRI Spatial Analyst Tool (Sample) was used to create a spreadsheet of the NDV1 values extracted
at each of the 119 sample points throughout the 2007 calendar year. These data were then summarized,
graphed, and analyzed to illustrate and interpret the minimum, maximum, and mean NDV | for each 16-
day compositing period across the 2007 calendar year.

RESULTS AND DISCUSSION
Theannual NDVI curve for the semiarid sagebrush-steppe vegetation communities of Big Desert study

area (Figure 5) shows an initial increase in vegetation productivity in early March with maximum NDV |
values achieved in early June.
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Figureb5. Extracted mean NDVI valuesfor the Big Desert study area throughout the 2007 calendar year.
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To visualize difference between vegetation dynamics in semiarid ecosystems relative to other ecosystems,
datafor the Big Desert were plotted with data for the Albermarle Pamlico Estuarine System (APES), a
drainage areain North Carolinaand Virginia (Figure 6). The APES plot is aso based on similar MODIS
250 m NDV I composites (Knight et al., 2006).

——Rangelands
A /_\ —e— Agriculture
Deciduous
0.60 \/

- | —&—Coniferous
//\ / \\ Urban
3 040 /\

50 100 150 200 250 300 350
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Julian day
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-0.20

Figure6. Intra-annual NDVI curves comparing the Big Desert study area (a semiarid sagebrush-steppe
rangeland ecosystem) with other land cover types.

Theintra-annual NDV | trends illustrated in figure 6 show curves with characteristics distinctive of each
land cover type. Coniferous forests show little variation in NDV1 values throughout the calendar year
which istheresult of the "evergreen” nature of these forests. Urban areas exhibit NDV I values between
0.1 and 0.3 with apeak in March. Deciduous and agricultural land cover types exhibit intra-annual NDV I
variation resembling a bell-shaped curve. NDVI values for these land cover types exhibit early spring
green-up which remain green and retain relatively high NDV I values even late in the calendar year.

Semiarid rangeland vegetation exhibits a unique intra-annual NDV | curve that is consistently lower than
that seen in more mesic vegetation communities. In addition, the NDVI curve for the rangeland
vegetation described in this study exhibited a singular bimodal distribution (cf. mean NDVI curve, figure
5). Thistrend accurately captures the vegetation dynamics of rangelands which may be responding to
periods of high ambient temperature, low soil moisture, and low humidity levels, resulting in periods of
non-optimal photosynthesis due to a potentially negative evapotranspiration balance (Potter 1993; lvits et
al., 2009).

Another of the EOS satellitesis AQUA. Like Terra, AQUA also contains a MODIS sensor and collects
data similar to Terra. However, AQUA has an afternoon equatorial overpass time with an alias of EOS-
PM. Among the MODIS/Aqua vegetation index productsis asimilar 250-meter 16-day composite.
Together, these two products, MOD13Q1 and MYD13Q1 (TERRA and AQUA, respectively) have a
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phased production cycle. The Terra 16-day period starts on Julian Day 1 while the Aqua 16-day period
starts 8 days later on day 9. The use of both products would result in doubling the number of composite
observations (n = 46) and may provide a more detailed insight into intra-annual vegetation dynamics and
the phenologica cycles of semiarid rangelands.

CONCLUSIONS

Many rangeland studies in semiarid ecosystems have used satellite imagery acquired during the months of
June and July (Weber and McMahan, 2003; Anderson, J. et al., 2007; Tedrow, L. et al. 2008;
Underwood, J. et al. 2006) as thistime period is widely considered representative of peak biomass
production. However, intra-annual NDV 1 values and the annual NDV I curve presented in this paper
indicate that imagery acquired in earlier months (April and May) or till later in the growing season
(September) may result in a more accurate estimation of productivity in semiarid ecosystems. Peak

bi omass production, however, is not necessarily the same as peak photosynthetic activity and the
relationship between these two metrics requires further study and understanding. Thisis especialy
important to sound land management and land stewardship to better ensure the sustainability of semiarid
rangeland ecosystems.
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Diurnal NDVI Fluctuationsin Semiarid Rangelands

Keith T. Weber, GISP, GIS Director, Idaho State University, GIS Training and Research Center,
921 S. 8th Ave., Stop 8104, Pocatello, 1daho 83209-8104

Fang Chen, Idaho State University, GIS Training and Research Center, 921 S. 8th Ave., Stop
8104, Pocatello, 1daho 83209-8104

ABSTRACT

This study explored the diurnal cycle of photosynthetic activity of C3 plants growing in semiarid
ecosystems using NDV | as an indicator metric. A field-based sensors was calibrated and deployed to
record NDVI at 30-minute intervals throughout the 2009 and 2010 spring growing seasons. The diurna
pattern of NDVI consistently followed a trough-shaped trend of low NDV 1 values (low photosynthetic
rate) during the periods of solar noon with significantly higher NDV I values (50% higher; P < 0.001)
during the early morning and evening hours. Physiologically, the C3 plants typical of semiarid rangelands
exhibit a survival strategy that minimizes evapotranspiration losses by reducing their photosynthetic rate
during times when high ambient temperatures and high irradiance have created a sub-optimal
environment. These results, viewed from the context of global climate change modeling, may have
resounding effects as higher than previously estimated carbon assimilation levels resulting from increased
photosynthetic activity would affect carbon sequestration estimates and proliferate necessary changes
across global models. Additional data collection and analysisis being conducted to validate and further
explore thistopic.

KEYWORDS: NDVI, vegetation indices, primary productivity, photosynthesis
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INTRODUCTION

The normalized difference vegetation index (NDVI) is arguably the most widely used simple band ratio
(SBR) ever developed (Rouse et al., 1973; Tucker 1979). It, along with a host of other SBR's, uses
various ratio's of reflectance from the red (approximately 650nm) and near-infrared (NIR) (approximately
850nm) portions of the electromagnetic spectrum to estimate above-ground vegetation productivity and
photosynthetic activity. NDV I has been applied to nearly every biome around the world including
numerous forest (Hall-Beyer 2003; Knight et al., 2006), grassland (Yang et al., 1998; Hall-Beyer 2003),
desert (Richard and Poccard 1998; Dall'Olmo and Karnieli 2002) and agricultural areas (Doraiswamy et
al., 2003; Knight et a., 2006). Some studies have used NDV | as the basis for comparison among
ecosystem types including Huete et a. (1997) who reported limitations of NDVI and biome-specific
differencesin NDVI response.

Other studies have used NDV 1 as the basis for interannual comparisons of phenological trends (Reed et
a., 1994; lvits et ., 2009) and the investigation of global climate change effects on primary productivity
ingrassdands (Yang et a., 1998). Similarly, intra-annual NDV | curves have been used to understand
photosynthetic activity within a growing season (Tedrow and Weber 2011) and make comparisons
between ecosystems (Knight et al., 2006).

Satellite remote sensing platforms such as the M oderate Resol ution Imaging Spectroradiometer (MODIS)
give scientists the ability to sample the earth's surface at broad scales and frequent temporal periodicity
and thereby construct relatively accurate models of phenological change. However, no individual airborne
or space-borne sensor routinely acquires repeated estimates of NDV| for the same area within asingle
day. To do this, requires an in situ spectroradiometer and data logger. This study was designed to explore
and characterize diurnal NDV| fluctuations within semiarid rangeland ecosystems rel ative to the effect
these cycles may have on comparative studies and global ecosystem productivity models. In addition, the
physiological mechanism responsible for observed diurnal fluctuations are described.

MATERIALSAND METHODS

Study area

Spectral datawere collected at the O'Neal Ecologica Reserve, an area of semiarid sagebrush-steppe
rangelands in southeastern Idaho approximately 30 km southeast of Pocatello, Idaho (42° 42' 25"N 112°
13 0" W). The O’ Neal Ecologica Reserve receives < 0.38 m of precipitation annually (primarily in the
winter) and isrelatively flat with an elevation ranging from 1420 m - 1439 m (X = 1431 m). The
dominant plant species include big sagebrush (Artemisia tridentata Nutt.) and various native and non-
native grasses and forbs, including Indian ricegrass (Achnatherum hymenoides (Roem. & Schult.)
Barkworth) and needle-and-thread (Hesperostipa comata (Trin. & Rupr.) Barkworth). Each of these plant
species follow a C3 carbon fixation pathway. While variations in ground cover and bare ground exposure
aretypica of sagebrush-steppe ecosystems, at the landscape scale the O'Neal Ecological reserve can be
considered quite similar to other regions of sagebrush-steppe found across the Intermountain west.

NDVI DATA COLLECTION

NDV I uses the reflectance of light from the red and near-infrared portions of the electromagnetic
spectrum. Specificaly, it isthe quotient of the difference in reflectance val ues between the NIR and red
bands over the sum of these same reflectance values. The bandwidths and band-centers of each specific
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sensor used to calculate NDV I varies, but in general the wavel ength of red band-centers is 650 nm while
the wavelength of NIR band-centersis 850 nm. Measures of NDV 1 are collected by numerous satellite
sensors at temporal scales ranging from one (MODIS) to 16 (Landsat 5 TM) days or more.

To obtain repeated diurnal measures of NDV1 one option was the use of a handheld spectroradiometer.
This posed numerous logistical difficulties however, as 1) this option was manpower intensive and 2) a
potential bias would have been introduced if the same area was not sampled in the same way during each
visit. To avoid these prablems and improve the sampling interval, two QuadPod instruments were used
(Garrity et d. 2010).

Each QuadPod instrument measures upwelling radiation (radiance) and downwelling radiation
(irradiance). Thered band was sampled at 676 nm while the NIR band was sampled at 800 nm. While
dlightly different than the band-center wavelengths used by satellite-based sensors, these specific
wavelengths characterize the regions of peak chlorophyll absorption by the red band and peak reflectance
in the NIR band and fall well within the red and NIR bandwidths of al common multispectral sensors
(Rahman et a. 2001; Huete et al. 2002; Sims et a. 2006). Prior to deployment at the O'Neal study area,
each QuadPod was calibrated using a white reference panel (Gamon et a. 2006). Calibration was
conducted continuously and throughout periods of varying atmospheric and cloud cover conditions from
1-August-2008 through 5-August-2008 with observations collected every five minutes (n = 1440
observations). Only those observations collected during daylight periods (0500hrs-2100hrs) were used to
calculate the cross-instrument calibration factor (CICF; equation 1) (n = 225).

irradiance,,
radiance i pane: (1)

Reflectance (R) was determined for both the red and NIR bands by dividing radiance by irradiance and
multiplying that result by the CICF (Garrity et al., 2010) (equation 2).

CICF =

radiance /.
N ( irradian ;: N ) * CICK
e @
NDV1 was calculated following standard methodology (equation 3) (Rouse et d., 1973; Tucker 1979).
NDVI — [I;[SUU nm]; I:l;[ﬁ?(i nm)
(800 nm) (676 nm) (3)

Using a 60° field of view (FOV) the QuadPod instrument was mounted upon arigid platform with the
radiance sensor positioned to image an area approximately 2.4 m x 2.4 m. The spatial resolution of the
deployed QuadPod was arranged to mimic the resolution of the multispectral sensor onboard the
Quickbird satellite (2.4 m x 2.4 m). During field deployment, each platform was oriented with the
radiance sensor facing a southerly direction (165°) to minimize platform shadows falling within the
instrument's FOV and maximize collection of early morning data (Figure 1).
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Figure 1. A drawing of the QuadPod instrument mounted upon a platfor m as deployed in thefield.

Two QuadPod instruments were deployed on 14-April-2009 at independent locations (approximately 90
m apart) within the O'Neal Ecologica Reserve and collected data throughout the remainder of April and
May (aperiod of highly active early growth) using a sampling interval of 30 minutes. The data loggers
were then retrieved and downloaded to a computer workstation. The QuadPod instruments were similarly
deployed on 14-March-2010 and data loggers retrieved and downloaded later in the growing season.
Reflectance for both the red and NIR bands were cal culated following equation 2.

Since data collections were made throughout the day this resulted in measurements being taken across
differing solar incidence angles ([_]) This factor plays an important part in the apparent reflectance
calculation (Eg. 4). The effect of varying [Jcan be corrected using a bi-directional reflectance distribution
function (BRDF) (Vermote et a. 1997; Collet et al 1998; Furby and Campbell 2001) and in this study,
BRDF corrections for varying [_Jwere made following Danaher et a. (2002). NDV| was then determined
following equation 3 and resulting data visually analyzed for diurnal trends.

Lo(A)=Lsun(%) T(2) R(%) cos(8) + Lpan(2)

Ly(2) = observed radiance at sensor
*+  Lg,(*) = Solar irradiance above atmosphere
+  T(A)= total atmospheric transmittance
R(%) = surface reflectance
+ B =incidence angle
*  Lpan(?) = path scattered radiance

(4)

Cross-reference with satellite imagery

To aid in the interpretation of cal culations made using the QuadPod instrument, four MODIS Terra
(surface reflectance daily L2G [MODQ09GQ)] 250 m pixels) and four Landsat 5 TM (30 m pixels) scenes
were acquired throughout the data collection period (April 18, 2009; May 20, 2009; April 21, 2010 and
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May 23, 2010) during cloud-free or nearly cloud-free days. The MODIS Terraimagery effectively
represents an overpass acquisition of 1030 hrs (mountain local time) while Landsat TM imagery
represents a solar noon acquisition (x acquisition time = 1158 hrs mountain local time). These data were
corrected for atmospheric effects with Idrisi Taiga (v16.03) using the ATMOSC module (Clark Labs,
Worcester, MA). All atmospheric correction cal culations foll owed the Cos(t) model (Chavez, 1996) using
input parameters reported in the metadata supplied with the imagery. NDV | values were calcul ated for
each scene and mean NDV | determined using 300 point locations randomly generated over the study area
and adjacent sagebrush-steppe rangel ands.

Analysis and statistical comparisons

Following retrieval of the dataloggers from the field and download to a PC, all tabular data were
imported into Microsoft Excel and NDV I values calculated for each 30-minute interval following
equations 2-4 above. These data were then graphed for visual interpretation. To facilitate cross-reference
with both MODIS and Landsat 5 TM imagery, daily NDVI values at 1030 hrs and 1200 hrs were sel ected
and saved as new tables. In addition the daily maximum NDV | was selected and saved as a new table.

These data allowed for the comparison of NDV I values throughout each day and for arelative comparison
between the in situ QuadPod instruments and both MODIS and Landsat NDV 1 values. Analysis of
variance (ANOV A) was used to statistically compare maximum QuadPod NDV 1 values with NDV I
values observed at 1030 hrs and 1200 hrs.

RESULTS AND DISCUSSION

Throughout the 2009 and 2010 spring sampling periods NDV | was measured at 30 minute intervals from
15-April through 27-May, 2009 and 1-April through 21-April, 2010. In both years, battery life was less
than expected and a full spring season collection (1-April through 31-May) was not achieved.
Nonetheless, atotal of 46 days were sampled providing arelatively rich dataset for analysis (n = 2,208
NDVI observations).

Thediurna trend of NDV1 exhibited a consistent trough-shaped pattern with NDV values highest during
the early morning and evening hours (approximately 0730hrs; Figure 2). The lowest NDV | values during
photosensitive daylight hours were found within one-hour of solar noon (approximately 1230 hrs during
the growing season). This paradoxical situation was consistent across both years of observation and
further explored to better understand the biophysical mechanism underlying this pattern.
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Figure 2. Example of daily NDVI pattern (May 13, 2009) typical of that observed throughout thisstudy.

The mean difference between daily maximum NDV1 (x = 0.42; SE = 0.04) and the NDV I-values recorded
at 1230hrs (x = 0.17; SE = 0.02) (i.e., solar noon) was 0.25 (SE = 0.03) (Fig. 3). ANOVA comparing
these values indicated significant differences (P < 0.001). Overall, maximum NDV I and solar noon

NDV I-values followed similar curves throughout the data collection period with solar noon NDV I values
up to 50% lower than maximum NDV 1. The NDVI-values observed at solar noon approximate Landsat 5

TM observations suggesting NDV | for semiarid rangelands may underestimate the productivity of these
ecosystems.

The mean difference between daily maximum NDV I and the NDVI-values recorded at 1030hrs (X = 0.19;
SE = 0.02) was 0.23 (SE = 0.03) (Fig. 3), with ANOVA results indicating a significant difference exists
between these values (P < 0.001). The NDVI-values observed at 1030hrs approximate MODIS Terra
observations and, like Landsat TM, may underestimate the productivity of semiarid ecosystems. While
NDVI-values observed at 1030hrs were dightly higher than those values observed at 1230hrs, they were
not significantly different (P =0.44). Thistrend was aso observed between actual MODIS Terra (x =
0.41; SE=0.04) and Landsat 5 TM (x = 0.27; SE = 0.06) NDV I-values, with no significant difference
found (P = 0.11; n = 4). A similar trend was observed by Busetto et a. (2008) in a study comparing
MODIS and Landsat NDV I imagery.
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Figure 3. Daily NDVI values at 1030hrs and 1230hrs (solar noon) relative to maximum NDVI (note: lines
have been smoothed using a 3-point running aver age).

The overall trend of NDVI was similar in both the spring of 2009 and 2010; NDV I was dlightly higher at
1030hrs compared to 1230hrs and neither characterized the maximum NDV 1. Between years, one should
note a depressed NDV I curve early in the 2010 growing season (cf. 15-April Fig. 3) whichis principally
attributable to slightly cooler minimum temperatures experienced in 2010, effectively delaying the
growing season (Fig. 4). In addition, spring 2010 was adlightly drier year (Fig. 5).
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Figure 5. Cumulative precipitation throughout the spring growing seasons 2009-2010. A delayed green-up
was observed in 2010 which isattributed to both cooler temperatures (cf. figure 4) and a reduction in
pr ecipitation.

Within the plant, the result of photosynthesis is the production of sugars. This processis affected by
several interrelated factors, namely light irradiance, CO, concentration, and ambient temperature.
Frederick Frost Blackman in his 1905 law of limiting factors, proposed that photosynthesisis limited by
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the pace of the dowest of these three factors. In this study, irradiance and temperature are of particular
interest astheir interaction may help explain our observations. Asirradiance increases (and temperature is
constant) the rate of photosynthetic activity similarly increases but ultimately reaches a plateau at high
irradiance levels (cf. Blackman). When temperature increases concomitant with increasing irradiance
however, the environment quickly becomes sub-optimal for the plant and light use efficiency drops
rapidly (Schulze and Chapin 1987; Amthor 1989; Ryan 1991; Potter et al., 1992). These factors,
combined within an arid or semiarid environment, may cause plants to close their stomata to conserve
water and temporarily reduce their rate of photosynthesis (Larcher 2003). Initially, areduced
photosynthetic rate appears detrimental, however when viewed from alonger-term, ultimate perspective,
this strategy allows the plant to survive in arelatively harsh environment, punctuated by diurnal periods
of stress. Similar findings were reported by Hanan et a. (2005) relative to diurnal CO, flux in plants.

NDVI provides a metric related to the photosynthetic activity of plants (Tucker 1979; Chander and
Groeneveld 2009). High NDV I values indicate plants are actively photosynthesizing while low NDVI
values suggest the opposite. NDV I, and numerous other vegetation indices using the red and NIR bands,
has also been used as an indicator of primary productivity. A problem arises however, in that a mgjority
of satellite sensors use an oblique, sun-synchronous orbit and acquire imagery within an hour or two of
solar noon (Barrett and Curtis 1992). This configuration is used to maximize illumination of the earth's
surface and best ensure strong reflective signals are received at the sensor. Within semiarid rangelands
however, this configuration may fail to capture peak daily photosynthetic activity during the growing
Season.

The implications of these results are many and additional data collection needs to be conducted to further
explorethistopic. Of primary importance is the understanding that productivity estimates based upon
remotely sensed imagery(e.g., NDVI and MSAV ) appear to underestimate the productivity of semiarid
rangelands, especially when NDV I values are based on satellite data acquired at or near solar noon.
Acquiring satellite imagery at earlier times of the day is also problematic however as resulting imagery
will be fraught with shadow and increased BRDF effects (Danaher 2002). Correcting for these effects
may also be problematic as maximum NDV1 is highly variable and its trendline does not exhibit the same
slope as observed for solar noon NDVI. Hanan et al. (2005) reported scaling adjustments may be
appropriate for light-saturated (mid-day) photosynthesi s estimation but may result in an underestimate of
early morning and late afternoon (light-limited conditions) CO? flux. These results, viewed from within
the context of global climate change modeling, can have resounding effects as higher carbon assimilation
levels resulting from a net increase in photosynthetic activity would affect carbon sequestration estimates
within semiarid ecosystems worldwide when these estimates are derived from NDV1 or similar indices.

CONCLUSIONS

Semiarid rangelands represent diverse ecosystems that are the home of numerous plant species well
adapted to these harsh environments. One adaptation observed in this study is an apparent plant survival
strategy where photosynthetic rate is reduced or halted in response to sub-optimal conditions that may
exist during mid-day (light saturated conditions) as a result of high ambient temperatures, high irradiance,
and potential net evapotranspiration losses. This study used two QuadPod instruments to measure NDV |
at 30-minute interval s throughout the spring growing season. The diurnal pattern of NDVI followed a
consistent trend of low NDV | values (low photosynthetic rate) during solar noon with significantly higher
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NDV1 values (50% higher; P < 0.001) during the early morning and evening hours. These results, viewed
from the context of globa climate change modeling, may have resounding effects as higher carbon
assimilation levels resulting from atrue net increase in photosynthetic activity and net ecosystem
exchange would affect carbon sequestration estimates and proliferate necessary changes across numerous
global models.
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ABSTRACT

Many factors influence classification accuracy and this study assessed detection thresholds for various
sub-pixel targets using Quickbird multispectral imagery. Six iterations of maximum-likelihood
classification were used to determine classification accuracy for 100 spectrally unique targets randomly
placed over asemiarid rangeland site. Error matrices were calculated using independent validation sites
and producer's, user's, and overall accuracy, Kappa Index of Agreement, and transformed divergence
were analyzed to compare the performance of each classification and determine detection thresholds.
Results indicate a strong relationship between target size and classification accuracy (R* = 0.94) as well
asanincreasingly prominent role played by training site selection as target size decreased. Strong spectral
separability and good classification accuracies were achieved for targets >25% cover. Sub-pixel targets
<25% in size were not detectable. This study highlights the effect of target size upon classification
accuracy and has direct implications for invasive plant research and rare target detection.

KEYWORDS: sub-pixel classification, Quickbird, cover threshold, accuracy assessment
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INTRODUCTION

Much has been written about the effects of various input parameters and processing decisions on
classification accuracy. Researchers have investigated and described the 1) selection of appropriate
classification algorithms (Foody and Arora, 1997), 2) effects of orthorectification (Cheng et al., 2003;
Raobertson, 2003; Toutin and Chenier, 2004; Wijnant and Steenberghen, 2004; Parcharidis et al., 2005), 3)
effect of mis-registration between image layers (Townshend et al., 1992; Dai and Khorram, 1998; Stow,
1999; Roy, 2000; Verbyla and Boles, 2000; Wang and Ellis, 2005), 4) influence of spectral resolution
(Mehner et al., 2004), 5) effects of co-registration between training sites and imagery (Weber, 2006;
Weber et al., 2008), 6) influence of atmospheric anomalies and correction processes (Lillesand and
Kiefer, 2000), and 7) effects of training site purity relative to minimum ground cover threshold (Mundt et
al., 2006). The result of these and other efforts has allowed geospatia scientists to construct afairly
complete error budget and, thereby, better understand and interpret image classification results. The latter
topic is the focus of this paper with emphasis upon the detection threshold of sub-pixel targets.

In semiarid environments, the ability to detect sub-pixd targetsis critical because landscape features such
as sagebrush, shrubs, invasive weeds, and bare soil are frequently encountered in relatively small patches
(i.e., 1-4 m?). Past research investigating detection limitations in remote sensing have frequently focused
upon invasive plants and have reported detection thresholds from 10% cover (Parker-Williams and Hunt,
2002) to 40% cover (Glenn et al., 2005; Weber et al., 2006) for leafy spurge (Euphorbia esula L.), 30%
cover for hoary cress (Cardaria draba) (Mundt et al., 2006), and 20% cover for Rush skel etonweed
(Chondrilla juncea) (Mundt et al., 2006). In al cases, detection thresholdsin these studies were
determined using hyperspectral imagery with high spatial resolutions (e.g. 5 m).

The purpose of this research was to experimentally address the following questions related to the reliable
detection (i.e. > 75% overall accuracy; Goodchild et al., 1994) of spectrally unique, patchy, and rare
targets within semiarid rangeland ecosystems: 1) what is the detection threshold (100%, 50%, 25%, 5%,
and 1% of a pixel) that can be achieved using high spatial resolution multispectral imagery? and 2) what
istheimpact of target size and site selection on sub-pixel target detection and classification accuracy? To
address the former objective various measures of classification accuracy and spectral separability were
used including transformed divergence, error matrices, and the Kappa Index of Agreement (KI1A). The
latter objective (2) was addressed by exploring the variability of the above measures following six
iterations of each classification trial and by examining the relationship between KIA and target size using
linear regression analysis.

METHODS

Study Area

The experiment was performed in sagebrush-steppe rangelands of southeast 1daho approximately 30 km
south of Pocatello, 1daho, at the O’ Neal Ecologica Reserve. This 50 ha site contains sagebrush-steppe
upland areas located on lava benches. The Reserve receives <38 cm of precipitation annually (primarily
in the winter) and isrelatively flat, with a mean elevation of approximately 1,400 m (1,401-1,430 m). The
dominant plant speciesis big sagebrush (Artemisia tridentata) with various native and non-native grasses,
including Indian rice grass (Oryzopsis hymenoides) and needle-and-thread (Stipa comata) present
throughout the Reserve.
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Field Data

Throughout the study area, 20 target locations were randomly generated for each of five target sizes
(n=100) (Table 1). Bright blue tarps were placed at each of these locations using the following set of
criteria established for final placement in the field: 1) no part of the tarp was placed beneath vegetation, 2)
tall vegetation (>1 m) that could cast a shadow on a portion of the tarp during image acquisition was not
located near the tarps (+/-2 m), and 3) tarps were installed flat and horizontal to avoid deformation and
changesin their apparent size within the imagery (Fig. 1). All blue tarps were secured into the ground
using four to eight, 25 cm spikes approximately one month prior to the acquisition of remotely sensed
imagery. The location of the tarps was recorded by occupying each site until 120 positions were acquired
with a Trimble GeoXH GPS receiver. The averaged positions were post-process differentially corrected
using data from five base stations each within 80 km of the Reserve. Resulting horizontal positional
accuracy was +/- 0.3 m (95% confidence interval [CI]). An equal number of non-target points (n=20)
typical of the semiarid rangelands found at the Reserve (i.e., sites dominated by big sagebrush) were
randomly located throughout the study area and used as non-target training sites for al analyses and
classifications. Thiswas done to eliminate variability and bias due to disproportionate sample sizes. None
of these points fell within 10 meters of atarget site.

Table 1. Percent target size and actual target size of the five classes used in this study (note: Quickbird
multispectral imagery has a spatial resolution of 2.40 x 2.40 m).

Target class (%) Actual size (m)
100 2.40x 2.40
50 1.70x 1.70
25 1.20x1.20
5 0.55x 0.55
1 0.24x0.24
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Figure 1. Map of study area with location of tarps (tar get sites) and location of non-target sites (note: the size
of thetraining sitesisnot drawn to scale).

To better understand the results of subsequent classification, the spectra properties of the blue tarps
targets were compared to the spectral properties of the common rangeland elements found at non-target
sites using an Analytical Spectral Device (ASD) FieldSpecPro hand-held field spectroradiometer.

M easurements were made during a sunny day (without clouds) at +/- 1 hour of solar noon prior to image
acquisition. For each target, between 15 and 25 spectral recordings were taken. Spectral comparison
included blue tarps, bare soil, basalt, low sagebrush (Artemisia arbuscula), and big sagebrush (Artemisia
tridentata).

Imagery

Standard Quickbird imagery (July 6, 2009) was delivered by Digital Globe Corporation and projected into
Idaho Transverse Mercator (NAD83) using nearest neighbor resampling to match the reference system of
all other GIS data used in this study. The imagery was corrected for atmospheric effects using Chavez'
Cos(t) model in Idrisi Taigads ATMOSC module (Chavez, 1996). To improve georegistration of the
imagery and co-registration between the imagery and ground truth locations (Weber et al., 2008) within
the relatively small, flat study area, five permanent ground control platforms were used. Each platform
was 2.4 mx 2.4 min size and stood 1.2 m above the ground. During satellite image acquisition periods,
highly reflective silver tarps were tightly secured to the platforms. The location of the platform’s corners
were recorded and processed in the same fashion as noted above. All five ground control platforms were
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used to georectify the Quickbird imagery using first order, affine transformation and nearest neighbor
resampling (RM SE=0.678).

Analysis

To determine how small atarget can be detected using high spatial resolution Quickbird multispectra
imagery a series of supervised presence/absence classifications were performed. To accomplish this, a
geodatabase feature class containing 100 points representing the location of the blue tarp sites was
created. This blue tarp feature class was randomly resampled without replacement to select 50% of the
points in each target size class (n=5 target size classes). This process was repeated six times (Table 1) to
achieve a better estimation of classification accuracy (Weber and Langille, 2007). A single resampling
event was used to randomly select 50% of the non-target training sites (n=10). The remaining non-target
sites were used as independent validation sites.

Bootstrap resampling was used in this study (Good 2006) and for each target class 10 points were
randomly selected while the remaining 10 points were reserved for validation. Ten non-target points were
randomly selected and these same points were used in every classification trial while the remaining 10
non-target points were used in all validations. To eliminate between-tria variability in the non-target
class iterative resampling of non-target sites was not performed.

The result of each resampling iteration produced two datasets for use in the classification process. The
first dataset contained 20 training sites (10 blue tarp training site points per size class and 10 non-target
training site points) and the second contained 20 validation sites (10 blue tarp points per size classand 10
non-target points). Each individual dataset was saved as a shapefile (n=30; 6 iterations of 5 size classes)
and used to extract spectral signatures from Quickbird imagery (bands 1-4) at the locations of the training
sitess using Idrisi's MAKESIG module. Spectral signature extraction is arequired step for maximum
likelihood classification and the resulting signature files statistically describe the spectral characteristics
(minimum, maximum, mean, variance, and covariance) of those pixelsidentified as atarget (i.e., the pixel
contains a blue tarp) or non-target site (i.e., the pixel was atypical sagebrush-steppe rangeland site).

Spectral signatures were evaluated using the SEPSIG module of Idrisi which calculated atransformed
divergence score (Richards and Jia, 2006). This score was used to indicate the separability of target and
non-target sites for each spectral signature file (n=30). Using a constant value of 2000, spectral
endmembers with separability values exceeding 1600 were considered good candidates for successful
differentiation during the classification process. Regardless of the separability score, all maximum
likelihood trials were completed (n=30).

A series of maximum likelihood classifications (Richards and Jia, 2006) were performed using ldris
(MAXLIKE) and validated using the ERRMAT modul e, which calcul ates both a standard error matrix
(Congalton and Green, 2009) and KIA (Cohen, 1960; Titus et al., 1984; Foody, 1992; Monserud and
Leemans, 1992). A cumulative error matrix (CEM) was developed by cal culating the sum of each
individual error matrix within each target size class. To determine the statistical difference among
classification results, the CEM for a given target class was compared with the CEM of al other target size
classes using variance of KIA by calculating a pairwise Z-statistic following Congalton and Green (2009)
(Equation 1).
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(1)
Where K; and K, are the KIA's for error matrices 1 and 2 and var(K ;) and var(K,) are estimates of
variance for matrices 1 and 2. The Zinise Critical value at the 95% confidence interval is 1.96.

RESULTSAND DISCUSSION

Detection threshold

Transformed divergence separability scores of the spectral signature files for the 100% and 50% target
classes (n=6 signature files/target class) exceeded the threshold value of 1600 (x = 1998.8 and 1991.4 for
the 100% and 50% classes, respectively), indicating the spectral signatures of those targets were
statigtically differentiable from the signatures of non-target sites. This result compares well with results
from spectroradiometer analysis indicating the blue tarps were spectrally unique and separable from the
adjacent matrix of features (Fig. 2). Four of six (67%) signature files for the 25% target class had
transformed divergence scoresin excess of 1600 (x = 1657.8), suggesting that under most instances
targets with 25% cover were differentiable from non-target sites. Since the same non-target sites were
used in al cases throughout this study, no effect can be inferred related to sub-sampling non-target sites.
Rather, the observed difference in separability must be due to the specific combination of target training
sites selected and the ground conditions within the remainder of the pixel not covered by the blue-tarp
target. Only one of six signature files for both the 5% and 1% target cover classes had transformed
divergence scores exceeding 1600 (X = 1172.0 and 1242.3 for the 5% and 1% classes, respectively)
suggesting that areliable classification at these cover levels was highly unlikely.

1.0

——— Blue tarp (n=25)
— — - Low Sagebrush (Artemisia arbuscula) (n=15)
————Big Sagebrush (Arfemisia tridentata) (n=15)
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Figure 2. A comparison of spectral signaturesfrom common rangeland targets and the artificial blue tarps
used in thisstudy. Signatureswere acquired with a spectroradiometer and the mean signatur es of n (15-25)
spectra are shown. Quickbird image bands are shown in grey for reference.

Following six iterations of maximum likelihood classifications, mean producer's accuracy for the 100%
blue tarp target class was 75%, mean user's accuracy was 92%, and mean overall accuracy was 84%
(Table 2). While all measures of accuracy were reduced for the 50% target class (X overall accuracy =
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70%) and even further reduced for the 25% target class (x overall accuracy = 69%), the user's accuracy
exceeded 80% in all cases (n=6 classifications/target class). In contrast, the 5% and 1% target classes
performed poorly with mean overall accuracies of 60% and 55%, respectively. In addition, both
producer's and user's accuracies for the 5% and 1% target classes were < 65% in all cases corroborating
well with the results of separability testing reported above.

Table 2. Resulting measur es of accuracy and standard error (SE) for each bluetarp target classfollowing six
iterations of maximum likelihood classification

Accuracy (%)
Target class (%) Producer's User Overall
100 0.75 (SE = 0.05) 0.92 (SE =0.03) 0.84 (SE=0.02)
50 0.50 (SE = 0.08) 0.83 (SE = 0.08) 0.70 (SE=0.05)
25 0.45 (SE = 0.03) 0.87 (SE=0.05) 0.69 (SE=0.02)
5 0.45 (SE=0.11) 0.64 (SE =0.09) 0.60 (SE = 0.04)
1 0.22 (SE = 0.08) 0.65 (SE=0.15) 0.55 (SE=0.07)

Target Size and Site Selection

Resulting mean KIA statistics reported a similar trend (Fig. 3) of decreasing agreement with decreasing
target size (R* = 0.94) but also indicated that only the 100% target class resulted in substantial agreement
(0.68) between known/model ed blue tarp target locations (Landis and Koch, 1977). Following Landis and
Koch (1977) afair level of agreement was found for the 50% and 25% target classes (0.40 and 0.38,
respectively) while the mean KIA for the 5% and 1% target classes (0.20 and 0.10, respectively) were

considered dight and similar to that expected from a chance (random) classification.
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Figure 3. Mean KIA followed a strong negative trend with target classsize. Theline of best fit resulted in a
coefficient of determination of 0.94
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A pairwise Z-statistic was calculated to compare resulting error matrices between target classes (Table 3).
These results indicate the 100% target class performed significantly better than all other target classes (z
> 1.96). This may be attributable to the fact that the 100% target class had the potential to occupy full
pixels homogenously while al other target classes represented sub-pixel, heterogeneous classes. While
the size of the blue tarps used for the 100% target class were equal to that of a Quickbird pixdl, itis
unlikely that each tarp was positioned to perfectly fit the extent of a pixel as acquired by the sensor.
Consequently, it is more likely that individual training sites contained <100% cover by ablue tarp. This
same problem is encountered regularly in all field studies and the results reported here are considered
applicable and valid. Indeed, target detection thresholds should be stated in terms of the size of thein situ
target with full understanding that many training siteswill be subdivided during image acquisition by the
Sensor.

Table 3. Pairwise z-statistic results comparing variance of Kappa from cumulative error matrices of each
target class. Comparisonswith z-scores > 1.96 represented significantly different classification results.

Target Class (%)

100 50 25 5 1
9 100 - 284 316 456 746
- - 020 181 354
3 & 25 ~ 167 347
E 5 -~ 108

=
1
1

The pairwise comparison between the 50% and 25% sub-pixel target classes showed no difference (z =
0.20) indicating these classifications performed similarly. The comparison between the 50% and 5%
target classes had a z-score of 1.81 while the z-score comparing error matrices for the 25% and 5% target
classes also showed no difference (z = 1.63). While the resulting classification accuracies reported in this
study demonstrate the reliabl e detection of the 50% and even 25% target classes, the results of pairwise
comparisons indicate that none of these classifications performed statistically different relative to one
another.

Nearly all pairwise comparisons with the 1% target class were statistically significant (different) save for
the comparison with the 5% target class (z = 1.08). In these cases, the overwhelming mgjority of each
training site pixel was occupied by non-target features and classification results were similar to that
expected by a chance (random) classification. It is not surprising then, that pairwise comparisons with the
1% target class showed statistical differences (z > 1.96) as effectively no trace of the blue tarp's spectra
may have been present and classification results followed a random distribution. The 5% target class
performed similar to the 1% target class for many of the same reasons, resulting in pairwise comparisons
that showed no difference. These results serve to emphasize the observation suggested by the results of
separability testing; targets covering < 25% of a pixel were unlikely to achieve reliable classification
results under the conditions of this study.

Goodchild et a. (1994) suggested 75% overall accuracy be used as a benchmark of classification

reliability and hence, detection. Under these guidelines, only the 100% target class achieved areliable
classification. However, the 50% and 25% target classes achieved a mean user's accuracy of >80%, a beit
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with producer's accuracies of only 50% and 45%, respectively (x KIA = 0.40 and 0.38, respectively).
These results suggest that while the 50% and 25% target classes were spectrally differentiable, other
classification methods (e.g., linear spectral unmixing or classification and regression tree) may be
required to achieve accurate classification results with multispectral sensors. A detailed study of the
resulting error matrices indicates there was confusion between target and non-target classes. This may be
reduced however, by including simple band ratio layers (e.g., NDVI, MSAV12), datareduction layers
(e.g., principal components analysis image layers), or by excluding individual image bands where the
greatest spectral similarity existed (e.g., the green and red bandsin this study [Fig. 2]).

This study was performed using Quickbird satellite imagery (2.4 mpp) as this sensor's spatial and spectral
characteristics best facilitated the need to accurately locate rare and spectrally unique, sub-pixel targets. In
semiarid environments, this ability is critical because landscape features such as sagebrush, shrubs,
patches of invasive weeds, and patches of bare soil are frequently encountered at the same spatial order
(i.e., 1-4m). We believe these results may be applicable to other multispectral sensors regardiess of the
instrument's spatial resolution with 25% cover suggested as the detection threshold of these systems.
However more research is required before such statements can be unequivocally made. To substantialy
improve the ability to detect small targets (i.e., < 0.25) the use of hyperspectral imagery may be required
(Parker-Williams and Hunt, 2002; Glenn et al., 2005) and/or techniques other than maximum likelihood
to improve sub-pixel detection.

Assessment of Error and Bias

All efforts were made to design and execute an experiment that would rigorously and empirically test the
detection capabilities of multispectral imagery relative to rare and spectrally unique targetsin semiarid
ecosystems. The results reported here may vary somewhat if repeated in other ecosystems but the ability
to significantly reduce sub-pixel detection with multispectral sensors is not anticipated. In many ways, the
results observed in this study may represent a best-case scenario as all targets were spectrally unique and
both physically homogeneous (i.e., laid flat upon the earth with no neighboring shadow), and spectrally
homogeneous (i.e., X standard deviation = 0.0001 for target spectra).

One potentia error in this study relates to the exact placement of each target relative to the location and
"edge" of each pixel acquired by the Quickbird sensor. It is possible, and indeed likely, that some of the
targets were captured across pixelsinstead of within asingle pixel aswas assumed throughout the image
analysis process. In these cases, target size was effectively reduced and the training site corrupted. For
example, if a50% blue tarp target site was captured across two pixels, the training site (located in the
center of the target) might represent a 25% target spectrally as only a portion of reflectance from that tarp
affected the training site pixel. This problem was most likely to have occurred with the larger target
classes (>50%) and was less probable with smaller target classes (5% and 1%). This unavoidable error is
not attributable to the experimental nature of this study but is common to all remote sensing studies and
especially problematic with any study focusing upon patchy and rare target detection (e.g., the early
detection of invasive weed infestations).

The number of samples used in this study presents another concern. To emulate the presence of rare

targets, 100 blue tarps were prepared for this experiment, with 20 created for each target class. Of these
20, 10 were randomly selected to be used for training sites while the remaining 10 were used for
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independent validation in each trial, thus the sample size for each classification trial was 10. However,
this bootstrap resampling technique was repeated six times to better capture the variability within the
training site samples (Weber and Langille 2007). While this remains a potential bias of this study, it
should be understood that the spectral variance of the blue tarp targets was very low (X std. dev. = 0.0001;
x reflectance 0.07, 0.10, 0.06, and 0.26 for the blue, green, red, and NIR bands respectively) and the
majority of variance was explained within the existing sample size. In addition, if the sample size were
insufficient for this particular experiment, one would expect to see accuracy and KIA valuesthat varied
greatly between trials. Thiswas not observed however, and indeed the standard error for all measures of
classification accuracy were small for target classes >25% (Table 2).

CONCLUSIONS

This study sought to experimentally determine the detection capabilities of multispectral imagery and was
not designed to develop and test new algorithms for sub-pixel classification. For this reason, the authors
used a common classification technique (maximum likelihood) and only basic (atmospherically corrected)
image bands (i.e., blue, green, red, and near infra-red). To address the objectives of this study, six
iterations of maximum-likelihood classification were used to determine classification accuracy for 100
spectrally unique targets randomly placed over a semiarid rangeland site. Error matrices were cal cul ated
using independent validation sites and producer's accuracy, user's accuracy, overall accuracy, KIA, and
transformed divergence were analyzed to compare the performance of each classification and determine
detection thresholds. The results of this study suggest training site selection (both initial site selection in
the field and the selection of sites during resampling operationsin the laboratory) has significant effect on
classification accuracy. This effect became more pronounced as target size decreased, as the standard
deviation of overall accuracy increased from 0.06 (100% target class) to 0.16 (1% target class).

This study demonstrated 1) the applicability of transformed divergence separability scores as an indicator
of potential classification success, 2) an empirica relationship (R? = 0.94) between target size and
classification accuracy, and 3) the limitation of multispectral imagery for sub-pixel target detection.
Regarding the latter, it appears the detection threshold of spectrally unique targets is approximately 25%
cover within semiarid rangelands. This has direct implication for invasive plant research and rare target
detection as targets such as leafy spurge or purple loosestrife may be undetectable until an infestation
covers 25% or more of apixel. If the results and relationships demonstrated in this study transfer directly
to other multispectral sensors and furthermore, if Landsat imagery (30 x 30 m pixels) were used, then
weed infestations would need to be 225 m? in area before the infestation would be detectable. Thisis
problematic as land managers rely upon early detection for effective control and eradication of weeds.

While the classification results reported in this study for both the 50% and 25% target classes were not
ideal (overall accuracy was <75%), the user's accuracy was satisfactory (>80%). To substantially improve
the ability to detect proportionally small targets (< 0.25 pixel) the use of hyperspectral imagery may be
required and/or techniques other than maximum likelihood (e.g., linear spectral unmixing or classification
and regression trees) to improve sub-pixel detection.
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Comparison of Atmospheric Correction Algorithms for

Multispectral Satellite Imagery
Keith T. Weber, GISP. GIS Director Idaho State University, GIS Training and Research Center,
921 S. 8th Ave,, stop 8104. Pocatello, ID 83209-8104

ABSTRACT

Correcting satellite imagery for atmospheric effects is acommon procedure today. Indeed there are many
techniques and software applications that offer atmospheric correction processes. This study compared
several techniques (apparent reflectance, dark-object subtraction, Cos(t), and the full cost model) in both
Idrisi and ENV I software to determine the level of similarity between resulting imagery and the
interoperability of these data. In nearly all cases comparison of resulting imagery revealed no differences
(r = 1.0). However, other results suggest that for a given project, all imagery should be corrected using the
same technique within the same software application. Furthermore, use of full cost models should
probably be avoided unless optical thickness and spectral diffuse sky irradiance parameters can be
accurately computed and consistently applied. As an adternative, both Cos(t) and dark-object subtraction
algorithms offer viable correction techniques that are well documented and appear to be robust and
reliable.

KEYWORDS: atmospheric correction, full-cost model, Cos(t), Dark object subtraction, apparent
reflectance, Lake Superior
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INTRODUCTION

The effect (e.g., attenuation and scattering) the atmosphere has on ground response signals has been an
active area of research since Chandrasekhar's radiative transfer theory was published in 1960. Since that
time, numerous a gorithms have been devel oped to correct satellite imagery for known atmospheric
effects (Dave 1980; Forster 1984). Most, if not all approaches have been smilar and apply the same
parameters. These parametersinclude 1) the date and time of image acquisition, 2) ambient weather
conditions (temperature, humidity, atmospheric pressure), 3) solar zenith angle (6,) and derived |, asthe
cos(6y), 4) normal optical thickness (derived from ozone optical thickness for affected bands and aerosol
optical thickness of each band), 5) satellite viewing angle, 6) atmospheric transmittance, 7) spectra solar
irradiance, 8) path radiance, and 9) global irradiance. Many of these parameters represent known values
(1 and 3), values considered waveband-dependent constants (4) or values derived from previous stepsin
the atmospheric correction process (4, 6-9). Other parameters, such as ambient weather conditions (2) and
satellite viewing angle (5), are applied generalized values even though variahility exists across the extent
of the imagery being corrected. Potential errors associated with this approach are well recognized and
areas of active research today. For instance the satellite viewing angle and solar zenith angle are used to
calculate the solar incidence angle (SIA). However, without the use of an adequately resolved digital
elevation model, SIA is at best an estimate. The associated error can be partially corrected for using the
bi-directional reflectance distribution factor (BDRF) (Schott 1997) athough thisis not commonly done as
it is computationally expensive. In addition, it should be realized that BDRF corrections represents a
generalized estimate as the characteritics of the earth's surface (surface roughness, vegetation, soil
moisture and albedo, etc.) play a significant role in determining the amount of light reflected by that
surface. In essence, while the application of atmospheric correction processes are critical to geographic
information science, it is equally important to recognize that imagery corrected for atmospheric effects
will always retain residual errors.

Today, numerous techniques exist within various software applications that perform atmospheric
correction. In some cases, analysts are even presented a choice among several technigues within the same
software. Fregquently, one technique will be chosen and applied repeatedly over the course of acareer
because the analyst understands that technique or feels comfortable with the procedure. Others working
alongside the analyst may apply a different technigque. Ultimately, imagery that has been atmospherically
corrected using different techniques, may be involved in an analysis (e.g., temporal land cover change)
with little consideration given to the affect the atmospheric correction techniques will propagate through
the subsequent analysis. For this reason, a study was undertaken to compare various atmospheric
correction techniques and determine the potential error mixed techniques might have on image analysis.

METHODS

Landsat 5 TM imagery was acquired for path 39, row 30 representing aregion of semiarid rangelandsin
southeast Idaho (scene acquisition date: July 20, 2008). Bands 3 (red) and 4 (near infrared) were corrected
for atmospheric effects using each of the following agorithms, 1) Cost(t) (Chavez 1996) using Idrisi
Taiga, 2) Dark object subtraction (DOS) (Chavez 1988; Cracknell and Hayes 1991) using Idrisi Taiga,
and DOS using ENVI IDL, Apparent reflectance (AR) in Idrisi Taiga, and the Idris Full-Cost Model
(FCM) (Forster 1984). Within each of these algorithmsinput parameters were modified as appropriate.
For instance, Lmin Lmax was used and compared with results where gain and bias were used instead. In
addition, Dn haze settings were either read from an apparent black body (American Falls Reservoir
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[Figure 1]) or set at zero (0) (Lillesand et al. 2008). In total, 13 variations in atmospheric correction were
performed for each band.
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Figure 1. Extent of Landsat imagery (path 39 row 30) used in thisstudy and the American Falls Reservoir (an
apparent black body) which was used to derive Dn haze values.

The atmospherically corrected imagery was windowed to exclude al background pixels and thereby
facilitate a robust statistical comparison of techniques that would not be skewed by agreement among
background pixels (pixel values = 0). The resultant imagery was statistically compared using regression
analysiswithin Idrisi Taiga (REGRESS) and at-test of r. These tests allowed eight fundamental questions
to be answered relative to this set of Landsat 5 TM imagery; specificaly, isthere adifferencein
atmospherically corrected imagery 1) using gain/offset versus Lmin/Max, 2) using different Dn haze
settings within the Cos(t) algorithm, 3) using different Dn haze settings with the DOS algorithm, 4)
between AR and Cos(t) when Dn haze equaled zero, 5) between AR and DOS when Dn haze equaled
zero, 6) between Cos(t) and DOS, 7) between Cos(t) and a FCM, and 8) between DOS performed within
Idrisi versusan ENVI IDL agorithm.

RESULTSAND DISCUSSION

In nearly all cases, atmospherically corrected imagery was identical, or nearly so, regardiess of the type of
atmospheric correction technique applied within Idrisi Taiga. More specificaly, the Y -intercept equaled
zero, the slope of the line equaled 1.0000, r equaled 1.0000, the coefficient of determination equaled
100%, and the t-test of r was not significant (P < 0.0001).

The exceptions to these observations were as follows: 1) while not statistically significant (P < 0.0001; r =
1.0), the comparison between AR and Cos(t) corrected imagery when Dn haze equaled zero revealed a
resulting slope of 0.864, 2) similar comparisons between Cos(t) and DOS corrected imagery resulted in a
dlope of 0.864 (r = 1.0). Of greater interest were differences observed between DOS correction methods
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performed in Idrisi and ENV I (Figure 2). These comparisons were dissimilar enough (r = 0.67) to
prudently suggest that imagery corrected with different software applications not be used in the same
image analysis project.

= 0052125 + 0892666 X 1= 664250 Regression Parameters:

X axis: W_ALTS_ENVIDOS_B3
Y axis: W_CORRECTION _NEWOS_B3

Coeff. of Det. = Do s ]
Std. Dev. of X = 0.038430
Std. Dev. of ¥ = 0.051725
S.E. of Estimate = 0.038865
Std. Error of Beta = 0.000193
t Stat for r or Beta = 4622_306785
t Stat for Beta <> 1 = -555_784758
Sample Size (m) = 27057624
Apparent df = 27057822

lows frequency high frequency
Figure 2. Comparison of DOS-corrected imagery calculated in ENVI (X-axis) and Idris (Y-axis)
demonstrating an incompatible difference.

Similar results were observed by comparing Cos(t) and FCM corrected imagery (Figure 3; r = 0.66).
These results suggest that while al other algorithms exhibited near perfect agreement, the FCM within
Idrisi Taigaresponded differently. Thisis of interest as the response appearsto be attributable to a change
in only two input parameters, optical thickness and spectral diffuse sky irradiance. In this study, optical
thickness values for the FCM were set at 0.05 and 0.01 (red and near-infrared bands, respectively)
following Forster (1984). Spectral diffuse sky irradiance followed the BRITE code (Bird 1984). Optical
thicknessisitself an estimate primarily influenced by aerosolsin the atmosphere (Turner and Spencer
1972) which varies as afunction of standard pressure and declines exponentially with altitude. In

mountai nous regions, optical thicknessistypically generalized to facilitate processing.
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Figure 3. Comparison of imagery corrected with the FCM (X-axis) and Cos(t) (Y-axis) demonstrating
relatively large but yet non-significant differences.

146



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

Spectral diffuse sky irradiance assumes a cloudless atmosphere and is a modeled variable which will vary
depending upon solar incidence angle. There are five primary model parameters required to determine
spectral diffuse sky irradiance and no less than five alternatives algorithms as well (Bird 1984; Justus and
Paris 1984). In light of these complexities and uncertainties it seems use of the FCM is not advisable
under most conditions. Rather, to maintain cons stency, other well accepted atmospheric correction
techniques should be utilized.

It isinteresting to note that no difference was observed between atmospherically corrected imagery where
Dn haze was equal to zero and where Dn haze values were extracted from an apparent black body (deep
water areas within American Falls Reservoir). The extracted values used consistently throughout this
study were 15 and 14 for the red and near infrared bands, respectively. Still, even with these differences
in Dn haze, no difference in atmospherically corrected imagery was detected (Y -intercept = 0.000, slope
=1.000, r = 1.000, and P < 0.0001).

It was considered that perhaps American Falls Reservoir did not adequately approximate a black body
and for this reason, no difference was noted among comparisons. To investigate this, three additional
Landsat 5 TM scenes were acquired for the Lake Superior and Keweenaw Peninsula region (path 024 row
027). This areawas selected as the lake is very deep and oligotrophic (secchi disk depths range from 10-
20 meters[cf. Minnesota Sea Grant]). As aresult, the characteristics of Lake Superior should better
approximate a black body. Analysis of these images proceeded in the same way as described earlier with
no difference in atmospherically corrected results observed between Dn haze settings of zero and when
Dn haze settings were read from deep water areas within the imagery (Y -intercept = 0.005, slope=1.01, r
= 1.00, and P < 0.0001).

CONCLUSIONS

Landsat 5 TM imagery was atmospherically corrected using a variety of algorithms within both Idris and
ENVI software. In nearly all cases comparison of resulting imagery revealed no differences, including
corrected imagery where Dn haze was intentionally set to zero in comparison with imagery where Dn
haze was derived from an apparent black body. This suggests that Dn haze values have little overall effect
within the correction algorithms and may not be necessary. The only notabl e exceptions to these genera
observations were comparisons of 1) imagery corrected in Idrisi with imagery corrected in ENVI (Figure
2) and 2) imagery corrected using the FCM technique (Figure 3). It is suggested that within a given
analysis project, all imagery be corrected foll owing the same technique and within the same software
application. Furthermore, use of the FCM should probably be avoided unless optical thickness and
spectral diffuse sky irradiance parameters can be accurately computed and consistently applied. Asan
alternative, both Cos(t) and DOS algorithms are viabl e correction techniques that are well documented
and appear robust and reliable.
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ABSTRACT

The limited field-of -view (FOV) associated with single-resolution very-large scale aerial (VLSA)
imagery requires users to balance FOV and resolution needs. This balance varies by the specific questions
being asked of the data. Here, we tested a FOV -resol ution question by comparing ground-cover measured
in the field using point-intercept transects with similar data measured from 50 millimeters per pixe
(mmpp) VLSA imagery of the same locations. Particular care was given to spatial control of ground and
aerial sample points from which observations were made, yet percent cover estimates were very different
between methods. An error budget was used to calculate error of location and error of quantification.
Budget resultsindicated location error (0.435) played a substantial role, compared to quantification error
(0.216); however, significant quantification error was present. We conclude that 1) while the
georectification accuracy achieved in this project was actually quite good, the level of accuracy required
to match ground and aerial sample points represents an unrealistic expectation with currently available
positioning technologies, 2) 50-mmpp VLSA imagery is not adequate for accurate ground-cover
measurement, and 3) the balance between resolution and FOV needsiis best addressed by using multiple
cameras to simultaneously acquire nested imagery at two or three VL SA resolutions. We recommend
ground-cover be measured from 1-mmpp imagery and that the imagery be nested in lower resolution,
larger FOV images simultaneously acquired.

KEYWORDS: aerial imagery, GIS, remote sensing, VLSA
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INTRODUCTION

Ground-cover is the vegetation, litter, rocks and gravel that cover bare soil and thereby reduce the risk of
erosion (Branson et a. 1972). Quick and accurate assessments of ground-cover are not only useful to land
managers for ng soil stability (NRC 1994), but are also highly important for the sustainable
management of millions of hectares of rangelands worldwide. In the past, the evaluation and monitoring
of expansive landscapes has relied heavily on judgment and experience (NRC 1994; Stoddart and Smith
1995). However, conventional field surveys and sampling techniques may be nearly impossible or simply
impractical to implement across vast areas like the US Intermountain West. As aresult, many people on
all sides of management issues are calling for increasingly quantitative and expedient monitoring
approaches (Donahue 1999) such as those avail able through remote sensing. New measures are needed
that are cost-effective and provide timely information within acceptable error rates (Floyd and Anderson
1987; Brady et al. 1995; Brakenhielm and Quinghong 1995; Sivanpillai and Booth 2008).

High spatial resolution satellite and aerial remote sensing have been used to conduct many studies across
large landscapes. Blumenthal (2007) used high resolution imagery to study and measure infestations of
invasive terrestrial weeds. Anderson et al. (1996), Bradley and Mustard (2006), Everitt et a. (1995 and
1996), and Lass et a. (2005) suggested that satellite and aerial imagery can be used to obtain accurate
identification of invasive weeds. Sivanpillai and Booth (2008) used various remote sensing techniques to
determine percent cover of vegetation over the 9,000 ha Hay Press Creek Pasture near Jeffrey City,
Wyoming. Most recently, advancementsin digital camera devel opment and | ens technologies have
improved image sharpness to 1 millimeter per pixel (mmpp) (Booth et a. 2006). This has allowed for the
differentiation of plant functional groups and even plant species with aerial photography (Booth et a.
2007; Booth et d. 2010).

One problem with Very-Large Scale Aeria (VLSA) imagery is the trade-off between spatial resolution
and aerial extent. For example, achieving a spatial resolution of 1-mmpp commonly limits resulting
scenes to 4 x 3 m (12 m?). In addition, accurate georectification (+/- 0.5 pixel; Weber 2006) of the
imagery is quite difficult due to current limitations of positioning technologies such asthe NAVSTAR
GPS (+/- 1 cm under survey conditions). For these reasons, an alternative solution was sought that could
deliver high spatial resolution imagery (50-mmpp), with relatively large individual scene sizes (0.5 km x
0.5 km), and accurate georectification.

The aobjectives of this study wereto use VLSA imagery (50-mmpp spatial resolution) to: 1) compare
individual point observations read in the field with observations read from aeria imagery to better
understand the current capabilities and uncertainty associated with the use of VLSA imagery and, 2)
compare percent ground-cover measurements derived from field observations with percent ground-cover
measurements derived from aerial photography to better understand the management implications of
VLSA imagery for range scientists.

METHODS

Study Area

The study was conducted in the sagebrush-steppe rangel ands of southeast Idaho, US, approximately 30
km south of Pocatello, Idaho, at the O’ Neal Ecological Reserve (Figure 1). This 50-ha site contains
sagebrush-steppe upland areas located on lava benches. The Reserve receives < 380 mm of precipitation
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annually (primarily in the winter) and is relatively flat, with amean elevation of approximately 1,400 m
(1,401-1,430 m). The dominant plant species is big sagebrush (Artemisia tridentata Nutt.) with various

native and non-native grasses, including Indian rice grass (Oryzopsis hymenoides [R. & S.] Ricker.) and
needle-and-thread (Stipa comata Trin. & Rupr.) present throughout the Reserve.

X Sample sites
—— Flight Linc

s icters

' 0 125250 500 750 000

X

Figure 1. Theflight lineand 50-mmpp VL SA imagery collected at the O'Neal Ecological Reserve in 2009.
Inset shows an example of the imagery and illustratesthe red-X painted on the ground (circled). The black

dots extending west to east indicate the location wher e point observations and corresponding API
observations wer e made.Aerial Photography Acquisition

151



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

VLSA natura-color digital photography (50-mmpp) was acquired by Valey Air Photo (Boise, Idaho) on
May 22nd, 2009. All imagery tiles were collected +/- 2 hours of solar noon (1230 hrs MST) to minimize
shadow at a mean above-ground el evation of 450 m (1:3000 flight scale; x flight speed = 240 km/h).
Aeria image tiles were collected using a Zeiss RMK Top 15 Pleogon A3 wide-angle lens having a
calibrated focal length of 152.812 mm, an angular field of view (FOV) of 28.34 m (diagonal), and
continuous aperature of /4 to f/22 resulting in <3 pm of distortion. The imagery was then scanned at 12
resolution and resampled to 50-mmpp. All imagery tiles were delivered in uncompressed TIFF format
and georeferenced to Idaho Transverse Mercator (NAD 83).

Field Sampling

Percent cover was determined using point-intercept transects (Gysel and Lyon 1980; ITT 1996). The
location of transect starting points (n = 30) was randomly generated using Hawth's tools within ArcGIS
9.3.1 and based on the following criteria: all points were 1) >70 meters from an edge (road, trail, or fence
line) and 2) <750 meters from aroad. All transects were read in an east-west direction from the starting
point. Prior to acquisition of the aerial imagery, starting points were navigated to using a Trimble GeoXH
GPS receiver (+/-0.20 m @ 95% ClI after post processing). A large cross (mean arm length = 2.0 m and
mean arm width = 0.1 m) was painted on the ground using red surveyor's spray paint to ensure the starting
point would be readily visible in the imagery (Figure 1). The physical marker served two purposes; 1) it
was easy for field personnel to revisit each site, and 2) it ensured the same starting point was used for
both field observation and VL SA image interpretation.

During the week of aerial imagery acquisition, field personnel revisited each sample location and placed a
20-m flexible tape upon the ground from the starting point (indicated by the painted marker) and in the
designated direction (directly east or west) with the aid of a compass. Photographs were taken using a
Sony digital camerain each cardina direction. Ground-cover type was determined by looking straight
down at the transect tape and recording the cover feature in the upper most canopy directly indicated at
the designated observation point. Observation points began at 10 cm from the starting point (observation
point one) and continued every 20 cm thereafter (observation points 2-100). Ground cover at each
observation point was classified as either shrub, rock (if the rock was over 7.5 cm in surface diameter),
bare ground, invasive weed, grass, forb, litter, standing dead herbaceous material, standing dead woody
material (e.g., adead tree or sagebrush shrub still intact at the ground), or microbiotic crust. A total of
100 observations were made at each transect and recorded in a GPS-based field form. Percent cover was
calculated in the laboratory and results of this sampling effort are henceforth referred to as FIELD
observations.

Aerial Photography Interpretation (API)

A personal geodatabase point feature class was created where each point represented the |ocation of an
observation along the transect used for field data collection. These features were overlaid on the VLSA
imagery (50-mmpp) within ArcGIS 9.3.1 to ensure the starting point for each transect feature was
correctly aligned with the painted starting point visible in the imagery. Each set of transect points
contained 101 points, with one point representing the starting point followed by 100 observation points
consistent with FIEL D observation protocols. Each point vector feature was effectively equivalent to a 25
cm’region in the field, as each point feature was used to extract the value of the pixel at the coincident
geographic location. Each pixel, in turn, represents aregion (25 cm?), within which all ground features are
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mixed, or generalized, and displayed as one "color" within the imagery. In theory, the value of the color
displayed in the imagery will be most representative of the feature occupying the majority of each pixel
given that all feature categories have similar albedo and reflectance. While the location of the vector point
features may not have been precisely at the same location as the point observed in the field, following this
procedure allowed for the best co-registration possible. Three independent observerstrained in GIS, aerial
photo interpretation, and/or range science identified the cover type (bare ground, shrub, or grass) found
immediately beneath each point feature at each observation point (n = 100) along each transect (n = 30).
These observations were recorded in separate spreadsheets which were then compiled together and

contai ned the observations made by each person in separate columns of the same spreadsheet (n = 9000
observations). Each observer worked independently throughout this process following an initial briefing
and did not have access to FIELD observations for these transects.

Data Analysis: Point-observation scale

The spreadsheet was reviewed and a new column created containing the consensus (MAJORITY) cover
type (bare ground, shrub, or grass) found for each observation point record. In addition, FIELD
observation data were imported as a separate column within the spreadsheet and related to the
corresponding observation using the unique combination of transect and observation point identifiers.
The MAJORITY column was reviewed and if no consensus was reached for an observation point, that
row of data was deleted and not used in subsequent processing or analysis (note: copies of these data were
made and no original data was permanently deleted during this study). Corresponding FIELD
observations were a so removed to eliminate incorrect cross-referencing. The cover types (bare ground,
shrubs, and grass) were then assigned a numeric value of 1, 2, and 3 respectively, throughout both the
MAJORITY and FIELD observation columns.

Since FIELD datawere collected for 10 cover typesinstead of the three used during the aeria photo
interpretation, all rows of datathat did not contain bare ground, shrub, or grassentries (1, 2, or 3) were
deleted. The remaining data (n = 2465 records or 82% of original records) were rearranged in a new text
file to conform to ESRI's ASCI|I raster format. The header of thisfileindicated the raster layer would
contain 30 rows (one for each transect) and 100 columns (one for each observation). For those rows
(transects) that did not contain afull complement of 100 columns (observations) due to the data reduction
processes described above, the value of zero (0) was used as a no-data indicator to thereby maintain the
consistency of thefilesfor analysis. Two ASCII raster files were created, one describing aeria
photography interpretation (API) observations and the other describing FIELD observations. These files
wereimported into Idrisi Taiga and displayed for visual inspection. The ERRMAT module of Idrisi Taiga
was used to assess agreement between API and FIELD observations.

Data Analysis: Transect-scale

Percent cover measurements for bare ground, shrubs, and grasses were calculated for both FIELD and
MAJORITY observations along the transects. Single-factor ANOV A was used to compare percent cover
measurements for each cover type and assess the significance of agreement between the two cover
measurement methodol ogies.
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Analysis of Georectification Accuracy

The georectification accuracy of the VL SA imagery was independently assessed by comparing the X,Y
location of 10 readily identifiable features visible in the imagery (utility poles, distinctive trees, etc.) with
the X,Y location of the same feature visible in 150-mmpp imagery acquired in 2005 for the same study
area. Thelatter reference imagery (Gregory et al. 2010) was orthorectified using the X,Y, and Z of
visible ground control points (GCP's) strategically located throughout the flight path (+/- 2.0 cm).

The 2005 aerial imagery was therefore considered a high-quality reference image relative to its horizontal
positional accuracy.

RESULTS AND DISCUSSION

Ground-cover types at the point-observation scale were very different between FIELD and AP
observations using the 50-mmpp aerial imagery as user's, producer's, and overall accuracies were < 50%
(Table 1). The shrub cover type had the lowest producer's accuracy (9%) and was the cover type least
documented using API techniques (compare 9% API observations with 26% field observation rates).

Bare ground had the lowest user's accuracy rate (26%) and was most commonly misclassified as the grass
cover type. The Kappa Index of agreement (KI1A) was 0.008 indicating any agreement between the
observations was likely due entirely to chance.

Table 1. Comparison of field-based land cover point observationswith point observations made using aerial
photography interpretation (API).

Accuracy (%)
Land cover type Producer's User's
Bare ground 48 26
Shrub 9 28
Grass 44 46

Overall accuracy = 35%
Kappa Index of Agreement = 0.008

Theresults of ANOVA tests comparing percent cover of each cover type at the transect-scale indicated a
fairly similar disagreement between observationa methodologies (Table 2). All comparisons were
statistically different (P < 0.0001) save for the comparison of the grass cover type (P = 0.81).

Table 2. Results of ANOVA tests comparing FIELD and aerial photography interpretation (API)
measur ements of percent cover at the transect-scale (n = 30).

Land cover type P-value
Bare ground <0.001
Shrub <0.001
Grass 0.811

The georectification accuracy of the VLSA imagery as provided by the vendor was 3.17 m (SE = 0.49)
relative to the reference imagery. The VL SA imagery and location of each transect were corrected to
ensure accurate coregistration using the GPS-acquired location of each start point and the location of each
cross painted on the ground at each start point that was visible in the VLSA imagery. While the
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georectification of the VLSA imagery as delivered by the vendor was not able to achieve an accuracy <
50% of apixd (i.e., 0.025 m), thislevel of accuracy represents an unrealistic expectation with currently
availabl e positioning technologies. From an applications-based perspective the georectification accuracy
achieved in this project was actually quite good.

What is more interesting and perhaps more central to the focus of this paper isthe high degree of
disagreement between FIELD and API observations. In all cases, agreement between these data were very
poor and any agreement at all was attributable only to chance. This suggests that while the identification
of landscape features common to semiarid sagebrush-steppe ecosystems (bare ground, shrubs, and
grasses) can be made using aerial imagery, the spatial resolution of 50-mmpp is not adequate for accurate
ground-cover measurement (cf., Booth and Cox 2009 ). However, error of location (Pontius 2000; Weber
et a. 2008) may explain some of the disagreement. For example, if the tape measure used to identify the
transect and its subsequent observation points was not tight, or if the tape was blown by the wind during
observation, or not perfectly aligned in an east-west direction, or the observers eye was not perfectly
positioned at nadir over the observation point, the probability of agreement between discrete observations
would decrease as the observation locations would not be the same. In addition, errors or slight deviations
in compass trend could also have been a source of variation between FIELD and API observations. In
these cases, the error of location would be more pronounced at the extremes of the transect. In other
words, if the rate of agreement was better at the first observations relative to the last observations, a
measurable error of location would be demonstrated. To test for this type of error, the rate of agreement
between first observations (FIELD and API) and last observations (FIELD and API) was determined. The
results of this comparison revealed that 17 of 30 (57%; R* = 0.108) first observations madein the field
agreed with the first observations made from VLSA imagery, whereas only 8 of the last observations
agreed (27%; R? = 0.005). An error budget was estimated following Pontius (2000) using the VALIDATE
module of Idrisi to calculate error of location and error of quantification. This result indicates error of
location (0.435) played a substantial role, compared to quantification error (0.216), in the cumulative
error budget associated with this study.

An additional source of potential error relatesto parallax within the VLSA imagery especially along those
transects furthest from the flight line. To minimize, albeit not eliminate, this error and yet retain arandom
sampling design, all transect observations were read toward the flight line.

Accurately measuring percent cover from 50-mmpp imagery was also problematic. The sample “point”
on the 50-mmpp imagery is actually asmall plot on the ground (25 cm?), an area large enough to contain
all of the ground-cover types to be identified; thus, the 50-mmpp resol ution was considered too coarseto
measure percent bare ground (Booth and Cox 2009) and illustrates again, the importance of matching
resolution with task (Congalton et al. 2002). FIELD data were collected as point observations since
small-plot sampling (e.g. 2.9 cm*) has been previously demonstrated to show only poor relationships
with plant cover (Cook and Stubbendieck 1986, reviewing the method of Parker 1951). Cook and
Stubbendieck (1986) also review evidence that cover measurements obtained using blunt-point sampling
apparatuses result in biased data. These findings imply a 1-mmpp (sharp) digital sample point will
provide a more accurate cover measurement than a point 50 times more blunt. Since percent cover is
ultimately derived from individual transect observations and, given the heterogeneity exhibited in the
vegetation of semiarid ecosystems (Norton 2008), it is understandable that percent cover measurements
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did not agree. These results call into question the feasibility of such comparisons as the ability to replicate
observationsis extremely difficult even though the individual methodol ogies used may be applicable and
sound.

This study compared the agreement between two cover measurement methodologies (i.e., FIELD and
API) and did not test the accuracy of either method as this requires atrue answer be known. While one
may argue or assume that field observations represent the truth, this argument is only correct if the
observations were repeatable (i.e., have high precision) and without other bias (e.g., observer bias).
Furthermore, atrue accuracy test would require APl observations be made at the identical point observed
in the field. While all attempts were made to eliminate discrepancies between actual observation points,
the inherent uncertainty present in these studies suggests the results are best viewed in terms of agreement
between methodol ogies and not atest of accuracy.

Management Implications

Properly comparing methods to characterize ground cover in semiarid rangelandsis very difficult. While
both field-based and API observations have their place, APl observationsusing VLSA imagery is
becoming more common and more reliable. VL SA image interpretation presents several advantages. 1)
cover can be measured anywhere within the imagery regardless of difficulty of access or proximity to
roads, 2) measurements are repeatabl e (though observer biasis still present [Booth et a. 2006, Cagney et
al. submitted]), and 3) the acquired aerial imagery represents an historical record of the rangelands that
may be used for numerous other management applications in addition to cover measurement.

The proper design of any API-based ground cover assessment is critical to its success and a primary
consideration relates to the granularity of observations. For instance, compl ete species differentiation
using only aerial imagery, even with a 1-mmpp spatial resolution is not always possible. At present, the
50-mmpp imagery does not provide sufficient clarity to resolve or differentiate shrubs, grasses and bare
ground, and cover assessments of plant functional groups, like that used in this study, requires a spatial
resolution < 50-mmpp (Booth and Cox 2009; Booth et al. 2010). While 1-mmpp imagery may be more
difficult to coregister, there are techniques to accomplish reliable coregistration, such as the nested
imagery technique described by Moffett (2009; 2010). This will help reduce error of location (alarge part
of the total error budget) and could be applied to either 1-mmpp or 50-mmpp imagery in asimilar way.
However, the part of the error budget isthe error of quantification and here only the 1-mmpp imagery will
provide an improvement. Additional research is required to refine these spatia resolution guidelines.

The trade-off between spatial resolution and aerial extent is being addressed by using multiple cameras
for simultaneoudy acquiring nested imagery at two or three resolutions, such as 1-, 10-, and 20-mmpp
(Booth and Cox 2009, Booth et a. 2010). The utility of this approach is evident by the limited increasein
operational cost to obtain multi-resolution data compared to single resolution data (the added cost is
largely the cost of examining the additional images) and in the efficiency demonstrated by Booth et al.
(2010) where the larger FOV was most valuable for assessing an areainfested with a noxious weed, and
where identification of the weed was confirmed using nested 1-mmpp imagery.
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CONCLUSIONS

We tested agreement between ground cover measurements from point-intercept transects and 50-mmpp
VLSA imagery. Both individual observation-point and transect-scal e percent cover measurements were
compared, with results indicating very poor agreement between methodologies. This does not necessarily
indicate that either method was incorrect however. While it may be possible to improve agreement
between observations as well as percent cover measurements using a revised study design and collection
of higher spatial resolution imagery (< 50-mmpp), it is more important to appreciate that 1) VLSA
imagery can be used to measure ground-cover in semiarid rangelands and 2) like all other cover-
measurement or estimation methodologies, the use of VLSA imagery and API has limitations (e.g.,
species cannot be identified at the spatial resolution used in this study) as well as advantages; 1) ground-
cover can be measured anywhere within the imagery regardless of difficulty of access or proximity to
roads, 2) measurements are repeatabl e (though observer biasis still present), and 3) the acquired aerial
imagery represents an historical record of the rangelands that may be used for numerous other
management applications in addition to cover measurement .
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ABSTRACT

Arid and semiarid rangeland ecosystems cover vast areas of the earth's land surface. Current research has
placed heightened importance upon these regions because of their role in the carbon sequestration process
and related concerns of rangeland degradation. Various approaches have been used to investigate land
degradation with several techniques applying remote sensing technology. Most of these techniques use
vegetation indices as a surrogate of primary productivity. This study, applied season-long composite
NDVI to begin an assessment of degradation in the semiarid sagebrush-steppe rangelands of southeast
Idaho following the 2006 Crystal fire. Further refinements on the cNDV | approach were aso used
including rain-use efficiency, water-use efficiency, and local net primary productivity scaling. These
indicators were calculated annually over a 10-year period and atrend in rangeland condition observed. In
nearly all cases, the indicators suggest a slight decline in primary productivity. However, trend lines for
most observations were not statistically significant (P> 0.05) save for several rain-use efficiency indices
(P < 0.05). Results from this study highlight the importance of long-term observation periods and
demonstrate the significance of the seasonality of precipitation in semiarid rangel ands.

KEYWORDS: NDVI, desertification, Landsat, SOGS, ET, METRIC, carbon sequestration
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INTRODUCTION

Background

Arid and semiarid rangeland ecosystems cover approximately 45% of the earth’ s land surface (Huntsinger
and Hopkinson 1996, Branson et a. 1981; Reid et a. 2008) and represent nearly 80% of the areas grazed
by livestock acrossthe globe (Asner et a. 2004). These areas are typically dominated by grass and shrub
communities and can be highly productive, though nearly aways limited by the availability of water.
When the hydrologic cycle (the capture, storage, and release of available water) is disturbed, rangelands
desertify and as aresult, typically exhibit increasing amounts of bare ground. Chronic disturbance shifts
lead to aloss of ecosystem functionality and a reduction in biodiversity (Daubenmire 1959, Schlesinger et
al. 1990) with associated socia and economic underpinnings (Savory 1999, Arnalds and Archer 2000,
Griffinet al. 2001).

Ecosystem productivity is arelated and important metric to evaluate and monitor, especially when
desertification and the potential effects of global climate change are concerned (Tian et al 2000; Weber et
al. 2009). Measures of productivity are less direct however, than measures of bare ground as the latter
exists along a horizontal plane and —for the most part—can be measured and expressed as a unit of area or
percent exposure. Unlike bare ground, the definition of ecosystem productivity tends to be vague and
open to interpretation. Further, measures of productivity tend to be more difficult to quantify with
numerous methods available including above ground biomass (Chambers and Brown 1983), percent cover
(Canfield 1941; Daubenmire and Daubenmire 1968), and canopy coverage (Gysel and Lyon 1980) to
name but three. In most ecosystems, productivity measures are confounded by the fact that herbivores
consume vegetation (the product of ecosystem productivity) during the same period in which oneistrying
to measure productivity.

Productivity estimates are typically made across large landscapes to better account for the high degree of
variability in semiarid ecosystems and for this reason, satellite remote sensing has been frequently used.
Similar to field based measures; remote sensing estimates have varied with no single algorithm being
considered universally applicable. Some of the earliest and most common productivity algorithms use
simple band ratios (SBR) that express an index of photosynthetically active vegetation. V egetation indices
(VI's) vary aso, but typically leverage aratio of reflectance in the red band to that of the near infra-red
band of a given sensor. Perhaps the best known and most widely applied V1 is the normalized difference
vegetation index (NDVI) (Rouse et al. 1973; Tucker 1979).

Composite NDVI

Arid and semiarid rangeland ecosystems exhibit strong seasona dynamics and the use of single-date
NDVI may result in an incorrect assessment of ecosystem productivity. To avoid such errors, composite
NDVI (cNDVI) can be used to better capture seasonal variability and the flush of grasses and forbs
throughout an entire growing season. Stoms and Hargrove (2000) followed a similar approach when they
calculated a time-integrated NDV | using the mean of nineteen 14-day cNDV | layers. Similarly, Prince et
al. (2009) used the sum of 16-day cNDV I layers acquired throughout the growing season to estimate net
primary productivity (NPP), while Weber et al. (2009) used a composite of maximum NDV throughout
the growing season to compare two biophysically similar semiarid regions. While the statistic extracted
from each composite varied (mean, sum, and maximum respectively), the use of several NDVI layersto
characterize a growing season was critical to the success of each study.
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Rain Use Efficiency

The principle factor limiting plant productivity in semiarid rangelands is precipitation or more precisaly,
soil moisture (Taylor, 1986; Thomas and Squires 1991; Niamir-Fuller and Turner 1999; Booth and
Tueller 2003; Hill 2006; Weber and Gokhale 2010). The response in plant biomass to precipitation
appears highly correlated and field measurements reported by Studley and Weber (2010) reveal ahigh
coefficient of determination (R? = 0.93) between June precipitation and average forage availability
(kg/ha). Because rangel ands exhibit a high degree of inter-annual variability, determining along-term
trend in rangeland condition using cNDV | alone might be misleading. Le Houerou (1984) and Hountond;ji
et a. (2009) argue that since the vegetation in semiarid areas is strongly associated with precipitation,
several years of favorable rainfall may lead one to erroneoudy conclude that rangelands arein good
condition or improving from a degraded condition. To avoid this error, Le Houerou (1984) introduced the
concept of Rain Use Efficiency (RUE) asthe "quotient of annual primary production by annual rainfall”.
Subsequent applications of RUE have typically used Y NDVI to estimate above ground biomass.
Hountondji et al. (2009) suggest integrating the sum of rainfall throughout the growing season (RR) to
estimate RUE (Eg. 1) and observe the trend in integrated-NDV | (iNDV1) to better assess rangeland
condition.

Z NDVI (growing season)
Z Rainfall (growing season)

Thedirect use of tota rainfall is not without problems as this approach does not account for run-off,
evaporation, and ground water recharge fractions, each of which detract from the amount of water that is
availableto and used by plants. Modeling RUE in such away may be further complicated by the
seasonality of rainfall, rate of precipitation, soil type and depth, as well as the interaction with ambient
temperature, wind, and humidity as the fraction of what available to plantsis not constant in either time or
space.

INDVI/RR =
Eq. 1

Water Use Efficiency

Water Use Efficiency (WUE) issimilar to RUE save that it substitutes total evapotranspired water (i.e., >
of actual evapotranspiration [ET]) for the rainfall divisor. While this approach may be more accurate
(Floret et al. 1983; Seiny-Boukar et al. 1992; Aronson et a. 1993) it is also more difficult to calculate
correctly. Actual evapotranspiration isavery challenging parameter to measure and requires a weighing
lysimeter for direct measurement. In addition, a number of environmental factors affect ET including
phenology, soil exposure, and wind, further complicating the extrapolation of lysimeter measurements to
entire landscapes. One model used to estimate ET isthe Surface Energy Balance Algorithm for Land
(SEBAL). SEBAL uses energy balance modeling instead of a catchment water balance approach (which
relies on estimates or measures of ground water recharge, stream flow, etc) to estimate ET using satellite
data. By indexing radiometric surface temperature from Landsat's thermal band, a near-surface
temperature gradient can be determined. These data, along with net solar radiation and soil heat flux are
then used to calculate actual evapotranspiration.

Allen et al. (2007) modified the SEBAL agorithm using in situ reference ET to internally calibrate

surface energy balance estimates and thereby determine a more accurate estimate of actual ET. Using
either the SEBAL or Mapping Evapotranspiration at high Resolution with Internalized Calibration
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(METRIC) model (Allen et al. 2007), WUE can be calculated and used to visualize trends in rangeland
condition over time.

Local Net Primary Productivity Scaling

Another approach used to assess rangel and degradation which effectively circumvents the potentia errors
associated with RUE as well as the computational challenges of accurately quantifying actual ET and
hence, WUE, is Local Net Primary Productivity Scaling (LNS) introduced by Prince in 2004. LNS
determines potential productivity within biophysically homogeneous areas and then compares site
potential to the actual productivity observed at intrinsically similar sites. This method also relies upon
NDV as the fundamental source for estimates of productivity but makes no estimate of RUE apart from
the inherent assumption that sites in proper functioning condition will exhibit higher primary productivity
asaresult of higher RUE and WUE. A potential problem with the LNS approach noted by Prince (pers.
comm.) isif the entire study area is degraded then no reasonable potential can be identified. Asaresult,
few sites will be identified as degraded when scaled against equally degraded counterparts.

The process of monitoring land degradation or identifying sites of desertification are essentially
applications of land cover change analysis (Yuan et a. 1998). The most basi ¢ approach uses vegetation
index differencing (Perry and Lautenschlager 1984) between two or more imagery dates while the more
complex approaches described above, effectively build upon this concept. Trend lines are sometimes
applied across datasets exhibiting long-term fluctuations in productivity with the slope of these lines
interpreted as indicators of desertification trend (Hountondji et al., 2009). The accurate identification of
land cover change, and especially desertification, is an active area of remote sensing research and many
papers have been published that question the approach or conclusions of other papers (Hein and De
Ridder 2006; Veron et a., 2006). A related, and perhaps equally active area of research, focuses not upon
the identification of degraded areas but on identifying the drivers or causes of land degradation in
semiarid rangelands. From these debates, three main paradigms have emerged: 1) environmental factors
(rainfall) are the primary drivers of ecosystem change (Westoby et al. 1989), 2) anthropic factors
(livestock grazing) are the primary drivers of ecosystem change (Le Houerou 1989; Hein and de Ridder
2006), and 3) both environmental and anthropic factors drive ecosystem change and exhibit interesting
interactions over time (Briske et a, 2003; Vetter 2005; Hein and de Ridder 2006). One area of interaction
relates to wildfire, a source of punctuated and geographically distributed change, as fires can be initiated
and/or suppressed by humans. In addition, fuel load, afactor having substantial influence on afire's effect
(specifically fire intensity), can be influenced by humans and their livestock grazing animals (Weber et al.
2004).

This study, while acknowledging the importance of understanding the causative agents of change, focused
on comparing four approaches commonly used to assess land degradation status and trend, namely
cNDVI, RUE, WUE, and LNS. To accomplish this, 24 Landsat 5 TM scenes (2000-2009) were acquired
for the Big Desert study areain southeast Idaho, USA. Analysis emphasized the effect of the 2006 Crystal
fire, the second largest fire (890 km?) documented in southeast Idaho since 1936. This study sought to
determine the trend of primary productivity for Big Desert rangelands 1) in areas where no fire had
occurred since 2000 and, 2) in areas burned by the 2006 Crystal fire. In addition, this study compared
various methodol ogies used to assess land degradation relative to their agreement, accessibility, and
efficacy.
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Materialsand Methods

Study Area

The Big Desert study area lies approximately 71 km northwest of Pocatello Idaho and the center of the
study areais approximately 113° 4’ 18.68" W and 43° 14’ 27.88" N (Figure 1). The Big Desert is
managed by the United States Department of the Interior Bureau of Land Management (USDI BLM) and
isasemiarid sagebrush-steppe ecosystem with relatively high proportions of bare ground. The vegetation
in the study area consists primarily of native and non-native grasses, forbs, and several shrub species
including big sagebrush (Artemisia tridentata) and rubber rabbitbrush (Ericameria nauseosa [Pall. ex
Pursh]). The study areaisrelatively flat with elevation ranging from 1349 to 2297 m above sealevel. The
mean annual precipitation is 210 mm (1992-2009) with the mgjority falling as snow during the winter
months (48%) and another 33% falling from April through June (cf. Yanskey et al. 1966). Sheep grazing
is the primary anthropic disturbance with continuous/seasonal grazing systems used on allotments ranging
in size from 1,100 to over 125,000 ha. The stocking rate islow (approximately 19 ha/animal unit [AU])
with only 10% of permitted grazing utilized in most seasons. Wildfire is acommon disturbance and 58%
of the study area has burned since 2000 with the Crystal fire burning 31% of the Big Desert in 2006.
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Figure 1. The Big Desert study area in SE Idaho and location of documented wildfires between 2000 and 2009
along with sample sitesused in this study (n = 600) .

The geology of the Big Desert istypified by shallow soils overlying basalt. Fissures are quite common

(approximate spacing of the smallest aperature fractures is 2-4 m [Johannesen 2000]) and water that
infiltrates the soil surface can move to a fissure and relatively quickly become inaccessible to plants. Asa
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result, soil water content in the root zone (upper 0.25 m) can drop aslow as 5-10% throughout much of
the growing season (Kaminsky 1991).

The Big Desert is one of the few remaining large areas (2837 km?) of contiguous sagebrush-steppe
rangelands in the Intermountain West and for this reason is an important conservation area for sagebrush-
obligate specieslike the Greater Sage Grouse (Centrocercus urophasianus). In addition, the Big Desert
represents an area of importance for livestock production and recreation as well.

The Crystal Fire

The Crystal fire burned approximately 890 km? across the Big Desert study area between August 15 and
August 31, 2006. This lightning-caused wildfire was the second largest documented in southeast 1daho
since 1936 (cf. the DR62 fire of 2007 which burned 1500 km?). More than 90% of the fire burned land
managed by the USDI BLM with another 3% of the fire burning lands managed by the State of Idaho and
National Park Service.

Primary Productivity Modeling

Twenty-four Landsat 5 TM scenes (path 039 row 030) were acquired for the Big Desert study area
between 2000 and 2009 (Table 1). To capture the phenology and ephemeral productivity periods of the
various grasses, forbs, and shrubs in these semiarid rangelands it was advantageous to use numerous
scenes collected across each growing season (Weber et al. 2009). Capturing peak photosynthetic activity
in this region was accomplished by acquiring one or two scenesin the spring (April or May) and one or
two scenesin the early fall (September or October) (Tedrow and Weber 2010). By satisfying these
criteria, an increased probability of capturing peak photosynthetic activity throughout the growing season
was more likely achieved.

Table 1. Year and date of Landsat 5 TM imagery used in thisstudy (all sceneswere acquired for path 039
row 030).
Y ear Date of image acquisition
2000 May 27
June 28
September 16
2001 May 14
June 15
September 19
2002 May 17
July 4
September 22
2003 May 20
July 7
August 24
2004 May 6
June 7
September 11
2005 May 25
September 14
September 30
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2006  April 26
May 12
September 1
2007  May 15
May 31
September 20
2008 May 17
September 6
October 8
2009  April 18
September 9
September 25

All acquired imagery were corrected for atmospheric effects using Chavez' Cos(t) model in Idrisi Taiga's
ATMOSC module (Chavez, 1996). The imagery were then tested for georegistration error using National
Agricultural Imagery Program (NAIP) aeria orthophotography (1m x 1m pixels) and corrected as needed
(RMSE < 0.50 pixel). NDVI was calculated for each scene and used to estimate primary productivity
following Prince (1991; 2009). Composite NDVI (cNDVI) layers were created for each year of the study
(2000-2009) using the NDVICOMP utility of Idris Taiga. cNDV I used maximum NDV 1 values observed
throughout a growing season and in each case, three Landsat scenes were used per year to calculate the
respective cNDVI layers. Imagery pairs (e.g., 2004 cNDV 1 and 2005 cNDV 1) were co-registered to
eliminate fal se positive/fal se negative change detection due to misalignment of features within the
imagery. The resulting cNDV | layers were then used as estimates of maximum primary productivity for
this study (Pettorelli et al 2005).

Precipitation Modeling and RUE

Precipitation data were used for the development of RUE models and while winter precipitation can be a
very important contributor to spring plant growth in areas with deep soils, spring precipitation isalso
considered important, especially in areas with shallows soils, such asthe Big Desert. In this study, five
measures of precipitation (PPT) were used; total precipitation accumulated throughout the 1) hydrologic
water year (PPT .y [October Lyes -1y - September 30]), 2) growing season (PPT4 [April 1 - September
30]), 3) winter (PPT,, [October 1ye -1y - March 31]), 4) spring (PPT [April 1 - June 30]), and 5) winter
and spring seasons (PPT,,s [October 1ye. - 1) - June 30]). These values were determined using data from
the Aberdeen weather station (ABEI) located on the southern edge of the Big Desert study area
(http://www.usbr.gov/pn/ agrimet/). In addition, surface observation gridding system (SOGS) rasters
(1000 m x 1000 m pixels) were used which provided spatially continuous models of meteorol ogical
conditions and were acquired through the Numerical Terradynamic Simulation Group (NTSG) at the
University of Montana. The specific dataset used in this study described daily precipitation from 2004
through 20009.

Data from the Aberdeen weather station assumed a constant value throughout the study area. To integrate
these tabular data into a geospatial format, raster layers were created where al pixels were assigned the
value corresponding to the PPT measurement. While SOGS data were considered a better predictor of
precipitation across large land areas (Weber et ., 2010) these data were not available for all years
included in this study. All raster precipitation layers were projected into Idaho Transverse Mercator
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(NAD 83), with 30 m x 30 m pixels, using ArcGIS 9.3.1 and nearest neighbor resampling. These
parameters matched those for the Landsat 5 TM imagery described above. All precipitation values were
expressed in millimeters. Annual RUE was determined using cNDV I and PPT (Eq. 1) from each of the
alternative precipitation models.

Evapotranspiration Modeling and WUE

Actual evapotranspiration (ET) was required to calculate WUE for the Big Desert study area. Data
describing actual ET were obtained from the METRIC-ET datasets for 2000, 2002, and 2006. These raster
layers estimated the monthly sum of evapotranspired water (mm) across the study area. Total ET for the
growing season (ET4 [April 1 - September 30]) was determined by summing each of the monthly
estimates. These data, like all raster data used in this study, was projected into Idaho Transverse Mercator
(NAD 83), with 30 m x 30 m pixels, using ArcGIS 9.3.1 and nearest neighbor resampling. All ET values
were expressed in millimeters. WUE was determined for years 2000, 2002, and 2006 using cNDVI and
ET,.

Local Net Primary Productivity Scaling (LNS) Modeling

Calculating LNS requires two input layers; primary productivity (e.g., cNDVI) and land capability
classification (LCC). LCC may be determined using a combination of precipitation, soils, land use, and
land cover and is intended to delineate areas with similar intrinsic potential. Prince (2009) described
several LCC procedures using k-prototypes clustering techniques (Huang, 1997; Hargrove and Hoffman,
2004) for an LNS study of Zimbabwe. For the Big Desert study area, a similar process was followed by
incorporating SOGS precipitation (NTSG, 2010), SSURGO soils (NRCS, 2007), GAP land cover
(Insideldaho, 1999), and southeast Idaho land use/management layers (GIS TReC, 2010). Both land cover
and land use layers for the Big Desert study area were constant and had no effect on the stratification of

L CC because the entire study areawas 1) classified as a basin and Wyoming big sagebrush land cover
type (Redmond et a., 1996; Homer et al., 1998) and 2) similarly managed (i.e., livestock grazing
alotments) by the USDI BLM Idaho Falls Digtrict. Intra-annual precipitation across the study area
exhibited little variability (M SE = 0.50 [2004-2009]) and was similarly treated as a constant. Asaresult
of this stratification exercise, LCC was based entirely upon 15 soil associations identified in the SSURGO
soils database.

The 15 LCC polygons were rasterized and used as a Boolean mask with each year's cNDV | layer. This
procedure produced 15 LNS layers per year, or atotal of 120 layersfor thisstudy (i.e., 15 layersyr x 8
years). To specifically examine the effect of the 2006 Crystal fire, an additional Boolean mask was
created for the fire area and used as another stratification layer for 2007-2009. The Crystal fire burned
parts of seven LCC areas and concomitantly increased the number of total LNS layers. Within each LNS
layer, potential productivity was estimated as the cNDV I value at the 90" percentile (cNDV I ,q0). The
LNS metric of degradation (LNS;) was determined using the following equation (Eg. 2).

LNSd = CNDVII)';'O - cNDVI actual Eq 2

where ctNDV | s isthe cNDV I value of each pixel assessed against the potential within each LCC area.

The standard deviation for each LNS, layer was found and used to quantify the area (km?®) within each
L CC where primary productivity was >2 standard deviations below the potential. This below potential

168



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

threshold was conservatively chosen to alow for natural variability within each LCC and to help
eliminatetype | and type Il errors.

Analysis

To determine the trend in primary productivity and assess rangeland health/land degradation in the Big
Desert study area, annual cNDV I, RUE, and WUE was examined at 600 random locations. Half of these
locations (n = 300) were within the area burned by the 2006 Crysta fire, but outside other areas of
disturbance (i.e., earlier fires). The remaining 300 locations were outside the area burned by the Crystal
fire, yet within the Big Desert study area (figure 1). All random sample points were generated using
Hawth's toolsin ESRI's ArcGIS 9.3.1 using the following criteria: sample points were not located within
70 m of afire perimeter or within 70 m of another sample point. The value of the pixel at each sample
point was extracted from each cNDV I, RUE, and WUE layer using the SAMPLE tool in ArcGIS and
saved in aMS Excel spreadsheet. Scatter plots were created with year along the X-axis and the value of
the productivity estimator (cNDV I, RUE, or WUE) along the Y-axis. A linear trend line was established
for each scatter plot and the line's correlation coefficient, dope and Y -intercept recorded. Regression
statistics were calculated for each scatter plot and an ANOV A was used to determine the significance of
each relationship.

To assess the trend in primary productivity using LNS; required a dightly different approach. In this case,
the total area (km?) characterized using the below potential threshold was summed for each year and
graphed as a scatter plot with year aong the X-axis and total area below potential given on the Y-axis. A
linear trend line was established for the scatter plot and the line's coefficient of determination, dope, and
Y -intercept recorded. In total, ten scatter plots were created, one describing cNDVI, seven describing
RUE (five using ABEI datato estimate PPTy,,, PPT4, PPT,,, PPT;, and PPT,,s[2000-2009], another using
ABEI datafor PPT in years 2004-2009 only to directly compare results with the seventh plot where PPT
was estimated using SOGS data [2004-2009]), another describing WUE, and finally, one describing
LNS;.

RESULTSAND DISCUSSION

Scatter plots and trend lines of cNDVI calculated for each growing season between 2000 and 2009
initially suggest primary productivity throughout the Big Desert study area declined (Figure 2). Therate
of decline, asindicated by the slope of the trend lines, was quite slow for both the Crystal fire (-0.002)
and unburned parts of the Big Desert study area (-0.004). In both cases however, large residua values
existed due to inter-annual variability. Consequently, the coefficient of determination was quite low (R? =
0.01 and 0.04 for the Crystal fire and unburned areas, respectively). The results of ANOVA tests used to
determine the significance of the observed trend indicates the rel ationships were not statistically
significant (P = 0.74 and 0.58 for the Crysta fire and unburned areas, respectively). However, the high
inter-annual variability in cNDV | did correspond fairly well with variability in precipitation (R* = 0.34),
serving to empirically validate the work of Le Houerou (1984) and Hountondji et a. (2009), and to
illustrate the importance of water in these xeric environments (Niamir-Fuller and Turner 1999; Hill 2006).

RUE metrics (2000-2009) were cal cul ated based upon five different measures of precipitation (PPTy,

PPT,, PPT,, PPT,, and PPT,s(Figure 3). Results of RUE analysis also suggest primary productivity in the
Big Desert declined (Figure 4a-€). However, when plotting data for 2004-2009 only, the results were
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contradictory (Figure 4f-g), illustrating the need to observe trend over fairly long time periods (~10 years)
to gain meaningful and reliable information (Washington-Allen et al., 2006). This observation is
supported by an increased coefficient of determination (x R? = 0.28 [2000-2009] compared with x R? =
0.05 [2004-2009)). In contrast to the cNDV | results, several RUE metrics reveaed a significant trend (P <
0.05) including those metrics calculated using PPTh,y, PPTs, and PPT,s (Table 2).
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Figure 2. Scatter plot of mean cNDVI values at 600 sample sitesin the Big Desert study area (n =300 in both
the Crystal fire and unburned regions of the study area).
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Figure 4. Scatter plot of mean RUE values at 600 sample sitesin the Big Desert study area (n =300 in both
the Crystal fire and unburned regions of the study area) for years 2000-2009 using @) PPT .y, b) PPTy, ©)
PPT,, d) PPT,, €) PPT,s and years 2004-2009 using f) PPT, from ABEI, and g) PPT, from SOGS.
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Table 2. Coefficients of deter mination assessed in this study

AnalysisArea R2 Adjusted-R2 Slope P
cNDVI Crystal fire 0.015 -0.108 -0.0021 0.74
cNDVI unburned 0.041 -0.079 -0.0036 0.56
RUE Crystal fire (PPThwy) 0.342 0.260 -0.0000 0.07
RUE unburned (PPT ) 0.521 0.461 -0.0000 0.02*
RUE Crystal fire (PPT,) 0.233 0.137 -0.0003 0.16
RUE unburned (PPT,) 0.367 0.288 -0.0003 0.06
RUE Crystal fire (PPT,,) 0.009 -0.115 0.0000 0.79
RUE unburned (PPT,,) 0.004 -0.121 0.0000 0.86
RUE Crystal fire (PPTy) 0.485 0.421 -0.0008 0.02*
RUE unburned (PPT) 0.579 0.526 -0.0008 0.01*
RUE Crystal fire (PPT,s) 0.450 0.381 -0.0001 0.03*
RUE unburned (PPT,s) 0.615 0.567 -0.0001 0.01*
RUE Crystal fire 0.055 -0.181 0.0002 0.65
(PPT4 2004-2009)

RUE unburned 0.053 -0.184 0.0001 0.66
(PPT4 2004-2009)

RUE Crystal fire 0.033 -0.209 0.0000 0.73
(SOGS PPT, 2004-2009)

RUE unburned 0.062 -0.173 0.0000 0.63
(SOGS PPT, 2004-2009)

WUE Crystal fire 0.583 0.162 -0.0008 0.45
WUE unburned 0.581 0.167 -0.0015 0.45
LNS; Crystd fire 0.019 -0.104 -1.5416 0.71
LNS, unburned 0.170 0.067 8.6102 0.24

* gtatistically significant

WUE metrics (2000, 2002, and 2006) similarly describe a marginally declining trend of primary
productivity throughout the Big Desert study area (Figure 5). However two problems arose which
guestion the validity of thisobservation if made independent of the previously reported results; 1) the
established trend was based on only three observation points and lacks statistical power of analysis and 2)
the ET4 values used in the calcul ation may be erroneous as ET, exceeded precipitation (X A (PPT, - ET)
=-67.7 mm). It isrecalled that ET, isapredictor of actual ET, not potential ET, and for thisreason it is
assumed the METRIC model, which was originally designed for use under irrigated agricultural
conditions, incorrectly estimated ET for the semiarid rangelands of 1daho.

175



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

500

450
[
400
- [
350
ae
: R = -
: 300 ._,,__._._,‘_,_._,_ ._,._._,_,_,,,_._._ . . Ig ese
| . ¢ Crystal fire
-%.. | y=-1.5416x+3190.3
g 250 -
z
| B Unburned
2 00 @
-g - y=8.6102x-16941
| R*=0.1704
=
150 ‘
. ’ v
L
100 . ’
.
! .
50 |
0
]
'LQQQ RGN LGRS S 100‘3 qpcb ,Lm’\ @0% @6"’

YEAR

Figure5. Scatter plot of mean WUE values at 600 sample sitesin the Big Desert study area for 2000, 2002,
and 2006 (n = 300 in both the Crystal fire and unburned regions of the study ar ea).

To explore this potential error, the sum of accumulated precipitation for each Hydrologic Water Y ear
(HWY) was determined using ABEI precipitation data (e.g., HWY 0 = > precipitation October 1, 1999-
September 30, 2000) and compared to ET,. All precipitation accumulated during the HWY was
considered to be available to plants during the growing season (i.e., April 1-September 30) with no soil-
water carryover from the previous growing season. ET4 was sampled at the same random locations
described previously for this study (n = 600) and differences between HWY and ET 4 determined by
subtracting ET, from HWY (e.9., Azo0 = HWY 2000 - ET g2000). While mean precipitation for the HWY was
169 mm, mean ET, was 226 mm. The resulting mean difference (XA) was -67.7 mm or approximately
40% of xHWY precipitation input. This simple calculation isitself not without error as one may argue the
observed difference suggests soil-water carryover from previous growing seasons. Thisis unlikely
however asthe soilsin the Big Desert typically do not hold water for long periods of time dueto the
fractured geology underlying this region. The high degree of fissuring in the underlying basalt allows
water that infiltrates the soil surface to become inaccessible to plants relatively quickly (Kaminsky 1991).
Furthermore, a deep aquifer (50-300 m [IDWR 2010]) coupled with a shallow active root zone
(approximately 60-75% of cumulative root distribution occursin the first 200 mm of the soil surface
[Snyman 2009]) suggest the ET, values used in this study may not be reliable.

LNS; metrics also suggest primary productivity is declining in areas of the Big Desert outside the Crystal
fire asthe total area considered below potential has increased from 208 km?® (9% of Big Desert) in 2000 to
269 km? (12% of the Big Desert) in 2009 (Figure 6). The relationship however, exhibits much variability
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and isweakly correlated at best (R? = 0.17). The trend line for LNS, metrics within the Crystal fire areais
similarly weak with alow coefficient of determination (R* = 0.02). Upon closer examination, the total
area below potential hasincreased from 116 km? (7%) in 2000 to 149 km? (8%) in 2009. However, the
data points quantifying the area below potential for the two yearsimmediately following the Crystal fire
(2007 and 2008) were atypically low relative to al other years. This suggests entire LCC areas was
effectively degraded by the Crystal fire and no reasonable potential could be identified (Prince 2009).
Subsequently, very few areas were identified as degraded when scaled against equally degraded
counterparts. Neither LNS; trend line was significant (P = 0.71 and 0.24 for the Crystal fire and unburned
areas, respectively) (Table 2).
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Figure 6. Scatter plot of total area (in km?) considered below potential (< L NSyoenia - 2SD) using the LNS;
assessment method.

CONCLUSIONS

This study compared four assessments of primary productivity status and trend (cNDV1, RUE, WUE, and
LNS) in the Big Desert of southeast Idaho, USA, with emphasis on the effects of the 2006 Crystal fire.
Within the area burned by the Crystd fire, al indices, save for the LNS; metric, suggest primary
productivity has been dowly declining since 2000. In areas outside the Crystal fire, all indices and metrics
indicated primary productivity in the Big Desert has been similarly declining since 2000 save for short-
term RUE evaluations (2004-2009). The consistency among these observations suggest the Big Desert
may be degrading or exhibiting a stable state of low primary productivity. The majority of ANOVA tests
were not significant (P> 0.05) and the only metrics yielding significant results were RUE metrics
calculated using PPT,,, (unburned areas only), PPT,, and PPT,,s. These RUE metrics are interesting for
several reasons; 1) they suggest the importance of the seasonality of precipitation and specificaly, the
importance of winter snow fall and early spring rains for the vegetation in the Big Desert, 2) they
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illustrate that while a relatively strong relationship exists between precipitation and primary productivity,
precipitation aloneis not a perfect estimator of productivity. For example, in both 2002 and 2008 (figure
4d,e), productivity exceeded what was expected during years of below average precipitation (figure 3).
Lastly, these metrics reveal that the Crysta fire and unburned regions of the Big Desert have very similar
levels of primary productivity as evidenced by the nearly identical patterns of RUE values (Figure 4d,e)
aswell as similar dope and y-intercept values.

Each of these methodologies relied upon cNDV I layers derived from Landsat 5 TM as a surrogate for
primary productivity (Prince 2009). While the long history of applications using both NDV1 and Landsat
enhance the qualitative reliability of this study, using cNDV 1 alone to assess rangeland condition yielded
the weakest coefficients of determination (x R? = 0.10). RUE, WUE, and LNS; each produced stronger
coefficients of determination and merit additional investigation. RUE is perhaps the simplest to compute
of the three derived indices/metrics and when coupled with SOGS precipitation data to better account for
spatial variability over long time periods (approximately 10 years), RUE may be one of the best
assessment indicators available. In contrast, the difficulty of producing accurate ET models required for
WUE egtimation nearly negatesits use, especially within arid and semiarid ecosystems where it has been
well documented that nearly all precipitation (~96%) is returned to the atmosphere through ET processes
(Snyman, 1988; Wight and Hanson 1990; Snyman 1998). In this case, WUE could be effectively
estimated using RUE.

The LNS; metric, while time consuming to produce, offers several advantages for rangel and assessment.
First, the nature of the methodol ogy ensures that biophysically similar areas are compared to one another
through the delineation of LCC regions. This helps eliminate type | and type Il errors by ensuring highly
productive areas or areas under varying land treatments are not directly compared to one another. Second,
degraded areas are readily identified using the below potential threshold for each LCC whichin turn
supports further investigation in the field. In this study however, only 1% of those areas identified as
below potential were consistently designated as degraded in all ten years. In contrast, nearly 25% were
designated as below potential only once throughout the ten year period while >36% of the study area was
never identified as degraded.

Arid and semiarid rangelands constitute a significant portion of the earth's terrestrial surface. These
regions are increasingly being recognized for the ecosystem services they provide and for the role they
play in the global carbon cycle (Follett et al. 2001). For these, and other reasons, the long-term
sustainability of rangelandsis essential and as a consequence, assessing and monitoring the
health/condition of rangelands has become equally important. This paper describes a study investigating
four assessment methodol ogies relying upon primary productivity estimates derived through satellite
remote sensing. In nearly al cases, the methodol ogies concur that the Big Desert study area may be
degrading. RUE appears to have provided the most reliable results and in all cases the need to use long-
term datasets (10 years or more) was apparent. Additional research is merited to better understand and
validate the techniques and results.
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ABSTRACT

Image resampling is a process used to interpol ate the new cell values of araster image during aresizing
operation. There are many resampling methods available, through a variety of platforms, including GIS
and image-editing software. Each resampling method has strengths and weaknesses which should be
considered carefully. The purpose of this paper was not to find a* best” method, but rather to explore
how different methods implemented by different software vendors (in this case, ArcGIS and Paint Shop
Pro) compared. Aggregated Average and Nearest Neighbor are two commonly used resampling methods,
but numerous other methods are available (e.g., bicubic, bilinear, cubic convolution, pixel resize, and
weighted average). To compare these methods, Landsat imagery was iteratively resampled from 28.5 to
100 meters per pixel (mpp) using each of the available methodologies. Correlation coefficients were
determined comparing each resampled image against imagery resampled using 1) aggregated average and
2) nearest neighbor. Resulting correlation coefficients (R?) ranged from 0.98 to 0.34. Correlation between
aggregated average and nearest neighbor was reatively low (R = 0.41) as was the correlation between
two bilinear interpolation results (R? = 0.393) as implemented by different software programs. It was
concluded that resampling methods should be considered carefully and tested before selecting a software
program or technique, as different programs can implement the same method very differently.

KEYWORDS: aggregated average, nearest neighbor, bicubic, bilinear, interpolation, cubic convolution,
pixel resize, weighted average
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INTRODUCTION

Image resampling is a process by which new pixel values are interpolated from existing pixel values
whenever the raster's structure (number of rows and columns) is modified such as during projection,
datum transformation, or cell resizing operations (Wade and Sommer, 2006). Various resampling
methods can be employed to resize an image (Corel Corp., 2007) and when an image is enlarged or
reduced, changes are necessarily made to the value assigned to each pixel. To reduce animage, entire
rows and columns are removed, while the enlargement of an image requires the opposite change by
adding rows and columns of pixels. In both cases, the spatial extent (minimum and maximum X and Y
coordinates) of the imagery is unchanged and only the raster's structure is modified. The effect of image
resampling is a concern for image quality in general, and when dealing with remotely sensed data for
scientific interpretation, data integrity (i.e., how closely the interpolated value matches the original value
of each pixel) becomes aconcern aswell. Thisis because raster images store data within the feature
(pixel) itself asfor example, each pixel from a satellite image represents a measured surface reflectance
value derived from a satellite or airborne sensor.

The enlargement of satellite imagery (i.e., increasing the number of rows and columns) is typically not of
concern relative to data integrity issues as the rows and columns of pixels added are simply duplicates of
exigting pixels. Thisis particularly true when the enlargement factor is a whole number, but not
necessarily true when imagery is enlarged fractionally (e.g., spatial resolution of an image is changed
from 15 meters per pixel [mpp] to 10 mpp) as this specific procedure does require interpolation. In
contrast, the reduction of an image means fewer rows and columns (and hence fewer pixels) will be used
to represent the same geographic features across the same spatial extent. A fairly common resampling
task involves the conversion of satdllite imagery at arelatively fine spatial resolution (e.g., 10 mpp) toa
more coarse resolution (e.g., 30 mpp) to readily accommodate comparison with imagery from another
satellite sensor. In this scenario, blocks of pixds (kernels) are involved in an iterative resampling process.
The value of each pixel within each kernel is evaluated and a new value calculated for the output pixel in
the new “resampled” image layer. To effect this change various forms of interpolation have been

devel oped to minimize data integrity losses as aresult of resizing. Hence, the study described in this
paper was designed to enable a better understanding of the consequences of resampling satellite imagery
during a reduction-type resize operation.

Commonly used resampling methods are:

Aggregated Average

The arithmetic mean of all pixels within each kernel is used as the value for the new image pixel. Using

aggregated average (AA) al pixels are equally weighted but like all metrics using mean, the output pixel
will be strongly influenced by outlier or extreme values that belong to the kernel (Przydatek et al., 2003;
Wagner 2004, Li et al., 2005).

Bicubic

Bicubic interpolation isavariation of cubic interpolation (see below) where the processis performed in
both X and Y directions (Losinger, 2006). This method is more accurate than nearest neighbor or bilinear
interpolation, but slower to run (Goldsmith, 2009). Paint Shop Pro (PSP) graphics software specifically
definesits bicubic method as using 16 neighboring pixelsin a 4x4 pixel neighborhood (Corel Corp.,
2007).
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Bilinear Interpolation

Bilinear interpolation uses the arithmetic mean of the four pixels nearest the focal cell to calculate a new
pixel value. This resampling method tends to produce a“ smoother” image (Goldsmith, 2009), retains
better positional accuracy than nearest neighbor resampling (Verbyla, 2002), but may introduce new
values never found in the original image with some blurred edges introduced as well (Goldsmith, 2009).
As applied within PSP, the new value is based on the average of four neighboring cellsin a 2x2 kernel
(Core Corp., 2007) (Figure 1).

@ @ @

@

Figure 1. Bilinear Interpolation: The centers of the cells of theinput raster are marked with gray dots. The
green grid representsthe output raster. Thered dot marksthe center of thetarget cell (in yellow). The
orange dots arethefour nearest cellsfrom theinput raster that will be used to calculate the value for the
desired output cell.

Note: Image courtesy of ESRI.

Cubic Convolution

Cubic convolution (CC) resampling uses a weighted average of the 16 pixels nearest to the focal cell
(Figure 2) and produces the smoothest (or most continuous) image compared to bilinear interpolation or
nearest neighbor resampling (Verbyla, 2002; Huber, 2009). However, CC resampling takes approximately
10 to 12 times longer to process the computation than nearest neighbor (eXtension, 2008; Huber, 2009).
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@ @
@
@
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Figure 2. Cubic Convolution: Again, the gray dotsrepresent the centers of the input raster cellsand the green
grid representsthe output raster. Thetarget cell isyellow with thered dot showing the center. For cubic
convolution the 16 nearest cells (orange dots) are used for input to calculate the new output value.

Note: Image courtesy of ESRI.
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Nearest Neighbor

Nearest Neighbor (NN) resampling is very commonly used and it functions by matching a pixel from the
original image to its corresponding position in the resized image. If no corresponding pixel is available,
the pixel nearest is used instead (Figure 3). NN works well with horizontal or vertical lines (Goldsmith,
2009) but introduces noticeable error along other linear features where pixel realignment is obvious
(eXtension, 2008) and for that reason is generally considered the least accurate method. NN remains
widely used because of the speed of implementation and simplicity (Dodgson, 1992). As computers
become more and more powerful it is easy to dismiss aless computationally intensive process for one
with more accurate results, but with remotely sensed images computation time can still aconcern, as
imagery can be very large (>1 GB). A notable advantage of NN isthat no interpolated values are created,;
making it ideal for the retention of discrete or categorical data sets (ESRI, 2008; ESRI, 2009; Verbyla,
2002).

@ @ @ @ @
@ @ @

@

Figure 3. Nearest Neighbor: Using the same setup asin Figures 1 and 2, thereisonly one value (orange dot)
used to create the new output value, which isderived from the cell nearest the tar get.
Note: Image courtesy of ESRI.

Aswell as the common methods, many image-editing programs such as PSP have their own, specialized,
resampling methods. Aswell as modified versions of bicubic and bilinear interpolation, PSP also offers
the following resampling methods:

Pixel Resize

Pixel Resize duplicates (when increasing the size) or removes (if decreasing the size) the value of the
pixel nearest the focal cell to achieve the desired height and width of the new image (Corel Corp., 2007).
It isit best for smple images (Shea, n/d) and is the only resample method that can be used on images
using 8 hit (or less) color schemes in Paint Shop Pro (Corel Corp., 2009).

Weighted Average

This method uses a weighted-average value of neighboring pixels to determine the value of newly created
pixelsin the new image (Corel Corp., 2007). It is best for reducing images (Chastain et al., 2005; Shea,
2009).
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Affects of resampling

Remotely sensed data, be they from satellite or airborne sensors, areincredibly variable. Spatial
resolutions can be very coarse (>100 mpp) to very fine (< 0.1 mpp) and choosing which scale to use for a
study can be a difficult process, with limitations including availability of fine resolution imagery, cost
constraints, and data processing considerations. With avariety of platforms to choose from, it isfairly
common that imagery from one platform may need to be compared to imagery from a different platform
(e.g., SPOT 4 [20 mpp] and SPOT 5[10 mpp]).

In order to compare data from one spatial resolution to another, imagery from the finer resolution are
typically resampled to match the spatial resolution of the coarser imagery. Thistype of resampling can
have substantial effects on the integrity of the data being compared (Jodo, 2001). Gotway and Y oung
(2002) provided a brief overview concerning incompatibility of spatial data and looked at some of the
methods used to overcome that concern. Bian and Butler (1999) looked at the three most common types
of resampling (1-averaging; uses the averaged value of akernel for the output pixel, 2-central-pixel; uses
the most centrally located pixel of akernel for the output value, and 3- median value; uses the statistical
middle valuein akernel dataset as the output) and found that averaging had the most predictable
statistical errors. It is noted however, that Goodin and Henebry (2002) found averaging may not
accurately preserve the spatial properties desired for research.

Nearest neighbor (NN) and aggregated average (AA) are two commonly used resampling methods
applied to remote sensing imagery. NN is useful for its speed and ability to maintain the integrity of
categorical datawhile AA can accurately preserve mean values of images across many levels of
aggregation (Bian and Butler, 1999). The purpose of this study was to compare the results of numerous
resampling methods to the results of NN and AA resampling, and thereby better understand the affect of
resampling and its potential implications on the introduction and propagation of error.

M ethods

One Landsat 5 TM scene (path 39 row 30) acquired on June 13, 2006 was used in this study. Prior to
applying experimental resampling, the imagery was corrected for atmospheric effects using the Cos(T)
method (Chavez, 1996) availablein Idrisi Andes. A normalized difference vegetation index (NDVI) was
calculated as a ssimple band ratio of the red and near-infrared bands (bands 3 and 4) following Rouse et d
(1974). NDV I was selected for use in this study asit is avery common application for satellite imagery
making the reported results more meaningful.

Idrisi Andes, ESRI ArcGIS 9.3, and Corel Paint Shop Pro X2 (PSP) were used to perform resampling
(aggregated average, bicubic, bilinear, cubic convolution, nearest neighbor, pixel resize, and weighted
average) of the NDV 1 layer (Table 1). In al cases, Landsat-derived NDV I imagery was resampled from
its native 28.5 mpp to 100 mpp. Intotal, eight resampled layers were produced and using these layers,
100 pixel-values were extracted using the ArcGIS sampletool. The extracted values for bicubic, bilinear
interpolation, cubic convolution, pixel resize, and weighted average were then compared to pixel values
derived using AA and NN resampling methods. AA and NN values were also compared as were the
results of bilinear interpolation using ESRI ArcGIS and PSP. Statistical comparisons were facilitated by
calculating a correlation coefficient (R?) between each pair of image values (n = 12; Table 2).
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Table 1. NDVI image layer s wer e systematically resampled using a variety of techniques and software
applications.

Resampling technigue Idrisi Andes ESRI ArcGIS Corel Paint Shop Pro
Aggregated Average (AA) *

Bicubic *

Bilinear interpolation * *

Cubic convolution *

Near est Neighbor (NN) *

Pixel resize *

Weighted average *

Table 2. Pairs of resampled images wer e statistically compared using linear regression and correlation
coefficients (R?)

Method AA BC BL cc NN PR WA
AA * * * * * *
BC * *

BL * * *

CC * *

NN * * * * * *
PR * *

WA * *

RESULTS AND DISCUSSION

The most similar resampling results (R? = 0.984) were found between the bicubic and AA methods
(Figure 44). PSP s calculations for Bilinear interpolation resampling were also very similar to AA values
(R?=0.964) (Figure 4b). Thisisnot surprising as al three resampling methods calcul ate output values by
averaging values within the input kernel. The only real change from one process to the next is the size of
the kernel. The kernel sizefor AA isunknown, but it is probably close to 16 pixels given how closely it
compares to PSP s bicubic results. Some variation can be expected since it is not uncommon for software
companies to have specific, patented algorithms that are slightly different from others. This concept is
further illustrated in Figure 7 which compares results from ArcGIS s bilinear resampling with PSP’ s
bilinear resampling method. The resulting R? value of only 0.393 illustrated that, even though results
should be fundamentally identical, each product produced drastically different values.

y = 6.3144x + 150.43
R? = 0.4112 * see,

y =9.1344x - 7.045
R?=0.9838
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- 4
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(D) Cubic Convolution
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Figure 4. Various resampling method results compared to the results of Aggregated Average resampling.
Graphs are shown with linear trendlines, slope and intercept, and correlation coefficient (R?) values.

The resampling method most similar to NN was CC resampling (R? = 0.963) (Figure 5d), and ArcGIS's
bilinear resampling (R? = 0.960) (Figure 5b). However, it must be remembered that neither of these
options would maintain original categorical data values as NN will and both require more computational
power relative to NN. Bilinear interpolation does not require as much computational power as CC, so for
very large images it may be a suitable substitution to achieve results similar to NN but in less time than

CC.
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Figureb5. Various resampling method results compared to the results of Nearest Neighbor resampling.
Graphs are shown with linear trendlines, slope and intercept, and correlation coefficient (R?) values.

Figure 6 shows that NN and AA produce very different results (R = 0.409) and imagery resampled using
these methods are not directly comparable. Thisis not surprising however, considering how different the
resampling methods are. Thisfinding also explains why the other methods tested either compared better
with either AA (PSP s bicubic, bilinear, and weighted average) , NN (ArcGIS's bilinear and PSP's CC),
or neither (PSP's Pixel Resize).

y=0.5716x + 123.24
R%=0.4098

¢ @
0; * .

Figure 6. Comparison of values obtained by resampling with the Nearest Neighbor and Aggregated Average

methods.
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2 -
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Figure 7. Comparison of values obtained by using an ArcGI S Bilinear resampling and Corel’s PSP Bilinear
resampling method.

CONCLUSIONS
The purpose of this study was not to determine the best method for image resampling but rather to learn

how various methods of image resampling compare to NN and AA as these are most commonly used.
Atkinson (2001) raised a concern that those using remotely sensed data tended to choose images without
properly considering if the pixel size of that image was appropriate for the study being conducted. The
same could be said for resampling methods. There are a many options available for resampling images,
and all options should be considered and tested before applying a method.

Additional considerations include the degree to which data values need to be maintained (especially when
categorical dataisresampled), whether the resulting dataset needsto be statistically or spatially accurate,
how much processing power is available to perform the resampling, and what software is available to
perform the resampling.

It was determined that image-editing software such as Corel’ s Paint Shop Pro can be used to perform
image resampling, with results comparabl e to those created from remote sending - or GIS-specific
software. However, dueto proprietary differencesin algorithms, care needs to be taken to make sure the
results from one resampling software application can be compared to the results from another. For
example, it is not recommended that another image-editing software (e.g., Adobe’ s Photoshop) be used in
lieu of PSP without prior testing.

Based upon results presented in this paper, it isimportant to carefully select the most appropriate
resampling technique for a given set of circumstances and seems most prudent to apply the same
resampling technique using the same software to all imagery that is part of agiven study. Lastly, itis
noted that NN is a unique resampling processin that it is the only method that does not interpolate new
values into the dataset, and is therefore the only method that should be used for categorical data.
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ABSTRACT

Pastoralism is an ancient form of self-provisioning that is still in wide use today throughout the world.
While many pastoral regions are the focus of current desertification studies, the long history of

sustai nability evidenced by these culturesis of gresat interest. Numerous studies suggesting a general trend
of desertification intimate that degradation is a recent phenomenon principally attributable to changesin
land tenure, management, and treatment. This paper explores the suggested causes of land degradation
and identifies the land management and grazing treatments shared by many pastoral cultures. The singular
commonality found in nearly all studies of degradation is the prevalence of partia or total rest. While
historical observations suggest that desertification is the result of both climatic and anthropic factors,
recent focus has been placed upon the effect of sedenterization. These studies suggest that "management
systems" be re-considered and supplanted by more inclusive planning processes focusing upon improving
arid and semiarid rangeland ecosystems through the use of livestock as a solution to the problem of land
degradation.

KEYWORDS: Desertification, grazing, ranching, nomadism, transhumance
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INTRODUCTION

This paper isthe result of over a decade of research devoted to understanding land cover change in
semiarid ecosystems, and the realization some years ago, that people can affect tremendous changes on
the landscapes which we all rely for survival. Theidea of course is not novel, but nonetheless, it initiated
an investigation into the commonalities and differences among the many societies and cultures inhabiting
the semiarid regions of the world. Of particular interest, were those commonalitiesin land use and most
specifically, livestock grazing. The results revealed some surprising patterns while at the same time raised
additional research questions that today are areas of active research by the author. The fundamental
postulate explored in this paper is whether the changing face of pastoral societies, as aresult of market
integration and sedenterization, has consistently lead to land degradation.

To discuss and appreciate the study of desertification or land degradation in arid and semiarid ecosystems,
one must begin with an understanding of pastoralism as this has historically been the principal land use
known in many of these regions. Pastoralism is an ancient craft which on the surface, may be perceived to
demand only minimal skills. The shepherd or herdsman is simply tasked with keeping his stock alive so
that he may subsist on the animals' milk, blood, wool, meat, and value in trade. Just beneath thisthin
veneer however, rests amyriad of complexities involving forage, animal health, reproduction, predation,
weather, and the socia and cultural fabric within which the pastoralist functions. Over time, pastoral
cultures have devel oped and these complexities have been mastered, with learned animal husbandry skills
and the wisdom of experienced pastoralists handed down through generations' (Mapinduzi et al. 2003;
Stock 2004). As aresult, contemporary pastoralism is a dynamic form of subsistence.

What is Pastoralism?

It is not without debate that pastoralism devel oped after agriculturalism (Khazanov 1994). By 7000 BCE
pastoralism was well established (Flannery 1965) and most likely developed as people migrated into areas
of low productivity and/or regions of unreliable rainfal (i.e., the arid and semiarid regions of the world).
As aresult, these people came to rely upon domesticated animals for subsistence instead of agricultural
crops (Salzman 2004; Cummins 2009). Over time, three unique forms of pastora production took hold: 1)
sedentary production, 2) transhumance, and 3) nomadism (Y acin 1986). Sedentary pastoralism involves
keeping livestock near farms and villages year-round while transhumance includes the seasonal

movement of animals and people from valley bottoms to mountain pastures (Y alcin 1986; Ott 1993;
Cummins 2009). Nomadic pastoralism may have devel oped in response to recurring and wide-spread
drought (Salzman 2004) or widespread and erratic rainfall and istypified by livestock being moved in
constant search of forage. Nomadism differs from transhumance in that no permanent base (home or
village) is developed and likewise, no pre-defined series of movements are used. Of all the forms of
pastoralism, nomadism is |east systematic.

What are Rangelands?

More than simply a matter of semantics, the sometimes painstaking and critical use of language is very
important to communicate the true meaning of awriter's thoughts. Especially within multidisciplinary
fields of scholarship, defining key terms up-front can be very useful to avoid confusion later. One

! Thisis not to imply that ancient pastoralists developed a utopian society as perfect long-term ecological
sustainability of arid and semiarid landscapes have yet to be achieved (Khazanov 1994).
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important term used throughout this paper is rangeland, and due to the prominence of thistermitis
important that the reader understand it in the same way intended by the author.

Much of what is considered rangeland today (Bedell 1998) falls within the arid and semiarid regions of
the world. These areas are typically dominated by grasses, forbs, and shrubs and are managed without
cultivation, irrigation, herbicides, pesticides, or fertilizers. Indeed, the primary management tools of the
traditional pastoralist are livestock (principally sheep, goats, cattle, horses, donkeys, and camels) and fire
(Savory 1999). Through the use of these tools, the pastoralist has |earned how to manipulate his/her flock
(or herd) to graze or avoid certain patches of vegetation with subsequent changesin land cover over time.

While the term rangeland is a more inclusive term than "grasslands’ (many savanna ecosystems are also
considered rangelands), within the scope of this paper, rangelands are defined by land use (i.e., livestock
grazing) and land management (i.e., non-irrigated, etc.) than by any geographic or environmental
classification.

Within arid and semiarid rangelands, water is the limiting factor (Niamir-Fuller and Turner 1999; Hill
2006) and precipitation is highly variable both spatially and temporally. In seasons of increased
precipitation, forage availability improves dramatically (Niamir-Fuller and Turner 1999; Gregory et al.
2008) whereasin years of drought, grass becomes scarce. Unfortunately, contemporary grazing systems
may create ineffective water cycles (cf. rain use efficiency [Le Houerou 1984]) resulting in increasingly
frequent and severe pastora drought events (Savory 1999; Neely et a. 2009). As aresult, some pastoral
cultures (e.g., the Herero of Namibia and the Samburu of Northern Kenya) have degraded their
environments to the point where temporary abandonment was required (Hill 2006), and all have altered
their environment to some degree (Wilson 2007). Still, numerous pastoral cultures (e.g., Rashayada
Bedouin of the Sudan, Mongolian and Chinese herdsman, and Pyrenean herders) (Figure 1) have
subsisted on rangelands for thousands of years despite various complexities, hardships, and challenges.
We are not intimating that the landscapes used by all pastoral cultures are pristine as many are the focus
of on-going desertification research. There is evidence however, suggesting that pastoral |andscapes were
in better condition throughout the 1800's and early 1900's (Niamir-Fuller and Turner 1999) and that the
observed degradation described in the literature today is a relatively recent phenomenon that has

accel erated during the latter parts of the 20th and current centuries (Waller 1985; Gritzner 1988; Smith
1992). Based upon these reports, one wonders what caused this recent decline.
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Figure 1. Map of general distribution of traditional pastoralists worldwide (note: the terms pastoralist,
herders, and hunter-gatherersand general region map from Niamir-Fuller 1999).

Is Desertification Real?

Similar to the term rangel ands, a working definition of desertification is necessary to properly construct
this paper. Desertification is aterm first used by Auberville (1949) which refers to the severe degradation
of the arid, semiarid, and sub-humid areas of the world due principally to climatic and anthropic factors
(UNCCD 1995; Arnalds 2000). The term implies a nearly irreversible condition (Dougill and Cox 1995;
Niamir-Fuller and Turner 1999). Desertification was also used by Savory (1999) to refer to the manifested
symptom of biodiversity lossin arid and semiarid environments while more recently, Reynolds (2001)
defined desertification as areduction in the productive potential of the land. A common thread throughout
each of the many definitions is the concept of a degraded |andscape which is no longer as productive as it
once may have been. It isthis concept that embraces the term desertification asit is used in this paper.

While most scholars will agree that substantial areas of the earth's surface have desertified (Prince et al.
2009), an active debate has emerged challenging the estimates and inferences made as aresult of some
earlier studies (Tucker et al. 1991; Hellden 1998; Prince et al. 1998; Veron et al. 2006). Whether all
estimates of desertification ever published are wholly accurate or not is a moot point when one considers
the belief by many decision-makers and land managers that rangelands are degrading and that some
intervention or change of policy must be enacted to prevent further desertification.

Variability in Grazing Treatments

To improve degraded rangelands a common remedy has been the removal of livestock (i.e., de-stocking).
Under the most systematic grazing regimes, rest is deliberately used as atemporary de-stocking that often
serves dual roles as both a pre-determined scheduling process and conservation practice. Under less
systematic regimes, the term recovery is often applied, inferring an active management decision that
allows plants to recuperate before additional grazing is allowed. In contrast to rested pastures, the length
of the recovery period is not pre-determined (Voisin 1988) but rather, decided upon by the pastoralist
based on his/her knowledge, experience, and goals. Rest then, as part of a grazing system, may or may not
have any relationship to actual leaf and root recovery though the recovery period is a more important
consideration than the grazing period (Snyman 1998).
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The most extreme form of de-stocking is abandonment. In western cultures, abandonment is equated with
failure, while in other pastoral cultures, abandonment is viewed as part of the normal management
process (Stone 1993; Hill 2006). In essence, al pastoral cultures have applied intervals of no-grazing
(rest, recovery, and abandonment) along with periods of active grazing as part of their historic and
traditional grazing practices. The only real difference --apart from semantics-- is the duration of the no-
grazing period which may be afunction of seasonality (Voisin 1988) and the resilience or brittleness of
the environment (Savory 1999). Regardless of the term used, all grazing management involves periods of
total or near total absence of use throughout a growing season or grazing cycle.

It may seem alogical conclusion, that the period of rest or recovery constitutes an entirely positive
influence on the environment. Such a conclusion however, is paradoxical, because just as using too brief a
recovery period degrades an environment, so too may a prolonged recovery period. Thisis because arid
and semiarid grass species have co-evolved with herbivores and the prolonged absence of herbivory can
lead to excessive standing litter accumulations referred to as moribund grass. Moribund grass breaks
down through a gradual physical weathering process, rather than the more rapid biological decay process,
and is particularly detrimental to grazing-dependent bunchgrasses (Sheppard et a., 2009) . With sufficient
time, this condition can kill individual plantsleaving only patches of bare soil (Savory 1999; Figure 2).
Savory (1999) draws aclear distinction between the recovery period required by individual plants --to
minimize or avoid overgrazing-- and the episodic, yet high levels of disturbance the plants and soil
surface requires to maintain the health of its biological communities through the trampling of moribund
material to ensure rapid biological decay, increase soil organic matter and soil organic carbon (Follett
2001), and provide soil-covering litter to promote improved rain use efficiency (Snyman 2005).
Furthermore, Savory observed that under most western livestock grazing management systems, the
grazing period represents a period of near-rest as livestock are distributed in a fashion that typically yields
inadeguate animal impact/disturbance. To describe this effect, Savory used the term partial rest.

Figure 2. An example of excessive litter accumulation degrading through oxidative rather than biological
means.
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The Concept of Partial Rest

Under conditions of partial rest, livestock are grazed at low density (i.e., few animals graze alarge
pasture in an un-bunched manner resulting in low stocking density). When herds remain relatively
sedentary over long periods of time (e.g., amonth or more) overgrazing of plants occurs. Overgrazing of
plants, combined with the adverse effects of partial rest (bare soil, moribund grasses, etc), exacerbates an
aready declining rain use efficiency through both increased run-off and soil surface evaporation of water
(Savory 1999; Huxman et a. 2004). While some plants within a pasture will be grazed repeatedly others
may remain un-grazed and over time, moribund grass accumulations form just as they do in over-rested
areas. The moribund grasses present aless palatable option to the herbivore, which tend to select the same
individual grass plantsresulting in further overgrazing. As aresult, overgrazing damages or kills grazed
plants while un-grazed moribund grasses are weakened, and the rangeland enters a feedback cycle of
slow but progressive degradation. Today, numerous studies support these observations and demonstrate
that 1) partial and total rest have remarkably similar affects on arid and semiarid grassland environments
(Gomez-lbanez 1975; Cummins 2009; Weber et a. 2009a; Weber et a. 2009b) and 2) few tangible
differences can be identified among any of the rotational grazing schemes commonly used today (Jahnke
1982; Sandford 1983; Behnke 1999; Quirk 2002; Coughenour 2008; Homewood 2008) .

Causes of Rangeland Degradation

The cause of rangeland desertification has been attributed repeatedly to a combination of climatic and
anthropic factors (UNCCD 1995; Geist and Lambin 2004; Hill 2006; Lambin et al. 2009) with specific
emphasis placed on overgrazing and drought (Bedell 1998; Puigdefabregas 1998). Climate theories have
focused upon changes that have occurred over the past ten thousand years of the current Holocene and
note several periods of increased aridity (drought) and still other periods of increasing humidity. In
addition, some changes were localized (Stebbing 1935; Niamir-Fuller and Turner 1999) while others were
global in nature. Some changes persisted over long time periods while others were much shorter in
duration (Brooks 1949; Khazanov 1994). In essence, changes in the earth's climate since the last Ice age
have not been progressive but rather oscillatory. Indeed, it is specul ated that the periods of increased
aridity have led to the emergence and increased prevalence of nomadic pastoralism and not the inverse,
nor aglobal increase in desertification due to pastoralism (Khazanov 1994). Thisis because nomadic and
transhumant pastoralism are successful adaptations for survival within highly variable semiarid and arid
environments (Niamir-Fuller 1999; Khazanov 1994; Salzman 2004; Cummins 2009).

One reason for the success of nomadic and transhumant pastoralism in semiarid and arid ecosystemsin
contrast to cultivated agriculture, relatesto effective rainfall, rain-use efficiency or soil moisture storage
capacity. Thurow (2000) has described various hydrol ogic effects on rangelands and noted that soil
structure, soil texture, and organic matter content are key factors governing soil moisture storage capacity.
While the particul ar soil type or soil association does not change with treatment, a soil's structure and
organic matter content can be affected. In the absence of large herbivores, organic matter inputs are
dramatically reduced and the surface of soilstend to become capped (Khazanov 1994). Both of these
factors degrade a soil's ability to retain water (Thurow 2000) and lead to areduction of plant production.
Similar to, and often compounded upon the effects of prolonged rest, these rangeland ecosystems enter a
feedback cycle which ultimately |eads to desertification (Le Houerou 1984; Thurow 1991).
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While literature from the 1980's and early 1990's repeatedly linked livestock to the degradation and
desertification of rangelands (Lamprey 1983; Sinclair and Frywell 1985; Wolfson 1990) more recent
studies have refuted this by suggesting that prolonged rest leads to even more serious degradation than
overgrazing (Seligman and Perevolotsky 1994; Olaizola et a., 1999; Cummins 2009). Thus, it seems that
neither climatic or anthropic factors are solely to blame for the degradation of the earth's rangelands. It
stands to reason then, that some interactive or combinatory explanation should be sought. Indeed Hill
(2006) arrived at asimilar conclusion when he examined the arid rangelands of the Trangjordan plateau.
His conclusion was that climate change was a major factor explaining the disappearance of surface water
and changes in vegetation due to increased aridity (Bar-Matthews et a. 1999; Hill 2006). This, however
may also be attributed to reduced soil moisture storage capacity, increased surface runoff, and increased
soil surface evaporation because too few animals were present on the rangelands for too long a period of
time (Savory 1999). A second major factor cited by Hill was human ignorance regarding the
consequences of mismanagement (McGovern et al. 1988) (i.e., land use decisions and practices). The
third causal factor wasthe role of politics (i.e., land management or land tenure [Lundsgaard 1974]) and
his hypothesis that environmental sustainability isinversely related to the levels of hierarchy and
dissociation present in the governing/managing body (Hill 2006).

What is most interesting among these studies is the clear admission of the substantial role played by
humans (albeit not a solitary role) in shaping and atering the environment and the inseparability of
humans and nature (Goldman and Schurman 2000). It seems reasonable then, to consider what humans
may be able to do to improve the environment instead of focusing solely upon what we have done to
degradeit.

Land use, and specifically pastoral land use is highly variable both temporally and spatially across the
rangelands of the world (Niamir-Fuller 1999). To enable modern scientific inquiry, some means of
classifying and quantifying land useis required (Funtowicz and Ravetz 2003). The most fundamental
grazing classification considers arangeland either intensive or extensive relative to the degree of
management effort involved (Bedell 1998). Quantifying land use requires other measurements such as
stocking density or stocking rate, which describe the number of animals grazing an arearelative to the
size of the area (density) or the amount of time allocated to an area (rate).

While aplethora of terms are applied to specific styles of grazing (rest-rotation, deferred-rotation, high
intensity-low frequency, short-duration, continuous, etc.[Holechek et al. 2001]) these differ only in the
proportion of time spent grazing relative to the proportion of time allowed for recovery of the plants. In
western societies, extensive or semi-extensive management has become the norm, and graziers typically
apply asingle grazing system for their herd/herds which is repeated on an annual basis. One problem with
this approach is that it places the focus of livestock management upon the herd and in essence, the "herd"
is the management unit. In contrast, the "season" is the management unit for transhumant pastoralists and
as aresult, the latter isless systematic and more responsive to current conditions. In neither case,
however, is"time" (the period over which plants are exposed to a grazing animal and rangelands
experience disturbance through the impact of the herd) the focal management unit even though numerous
studies have stressed its importance to ensuring long-term sustainability (Voisin 1988; Snyman 1998;
Savory 1999). Voisin, for instance, points out that promoters of the rotational method "overlooked the
necessity for the periods of occupation being sufficiently short” and instead emphasized "dividing the
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pasture into a greater or smaller number of paddocks...and then shifting the herd from one paddock to the
next".

Range scientists have recommended and tested a great many “ grazing systems” varying from continuous
grazing through an abundance of rotational grazing practices which seem to have been designed without
taking into account the full complexity of cultural/social issues, wildlife, aternative uses, market forces,
etc. To effectively address complexity requires a planning process that embraces complexity, rather than a
pre-determined management system designed for simplicity (Savory 1999).

Niamir-Fuller and Turner (1999) note the importance of mobility within highly variable environments
(i.e., arid and semiarid areas) and while they opt to focus upon mobility itself, the reason why mobility is
so important isintimately tied to Voisin's emphasis upon time. Behnke (1999) echoes these same
concerns and the importance of highly mobile herds in his study of the Etanga pastoralists of Namibia. In
both cases, mobile pastoralism (e.g., transhumant and nomadic pastoralism) is considered an ideal
adaptation within arid and semiarid rangel ands especially in contrast to the alternative, sedenterization
(Salzman 2004). Sedenterization is the process by which once highly mobile pastoral cultures are
converted to less mobile ones concentrated near major trade routes, villages, and other communities. Asa
result, the pastoralist no longer needs to rely upon himself and his livestock for subsistence, but upon his
ability to purchase goods and services using money gained through the sale of hislivestock. In such
emerging market economies |essons in business acumen are quickly learned and the adage of "location,
location, location” is proven true again.

The consequence of such change isthe pastoraist's herd may spend nearly the entire year within a
relatively small area and in response to market demands --instead of personal needs or the carrying
capacity of the land-- the herder may increase his number of livestock adding further stressto the brittle
environment.

In a study of nomadic cultures, Khazanov (1994) described a global trend in which nomadismis being
replaced by market-oriented ranching (cf., sedenterization). In these cases, the result is the prolonged
occupation of livestock within a given area and the subsequent impoverishment and desertification of the
landscape. K eohane (2008) reports a similar transition of Bedouin tribes where livestock were
traditionally moved every threeto five daysto one of increased sedenterization around settlements.
Again, the result was an observed decline in rangeland condition.

If sedenterization leads to the overgrazing of plants, aloss of biodiversity, and ultimately desertification,
it seems reasonabl e to expect the opposite treatment (nomadism) to yield opposing results upon the
landscape. However it does not (Savory 1999) and what has been observed is that both nomadism and
more sedentary grazing practices can lead to desertification, albeit at different rates of degradation.
Pastoralism, given adequate land area and freedom to move, simply leads to more gradual desertification
than sedentary practices.

Hence, mobility aloneis not the key and simply describing nomads as mobile does not adequately capture

the essence of the grazing practices followed by the nomadic pastoralist. To look at it another way, would
agrazier who moves his livestock to fresh pasture twice each year be considered a nomadic pastoralist?
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What if he moved his herd or flock 12 times per year, or 150 times per year covering hundreds of
kilometersin the process? Only in the latter example would one consider the hypothetical grazier a
nomadic pastoralist. In terms of land management, the effective difference between the former examples
of punctuated sedenterism and nomadism is the amount of time spent grazing one area before moving to
another aswell as the amount of time allowed for plant recovery (Voisin 1988).

While Voisin (1988) advocated that overgrazing of plants was the greatest influence in land degradation
and desertification, only more recently have the effects of partial-rest and total rest been more fully
understood (Behnke 1999; Niamir-Fuller and Turner 1999; Cummins 2009) as factors that tend to
override the influence of overgrazing and may consequently be the principle factors driving rangelands
toward desertification.

The western rangelands of North America are little different than many rangelands where traditional
pastoralism has been practiced for thousands of years. Both are typically arid or semiarid environments
dominated by grasses and shrubs, grazed by domesticated cattle, sheep, and goats. The primary and
perhaps only difference is that traditional pastoralism isameans of self-provisioning whereas ranching is
amarket-oriented business (Cummins 2009). As noted earlier, shifts towards market-oriented grazing
leads to sedenterization (cf., partial-rest of rangelands) which in turn leads to a more rapid overgrazing of
plants, loss of biodiversity, and accelerated desertification. This market-oriented shift has also changed
land tenure as significant acreage is now held in “public lands” all of which are managed, by policy,
under regimes of partial-rest or total rest.

Could a change be made to reduce the latency of livestock within a pasture or paddock and eliminate the
negative impact of partial-rest to thereby improve rangeland ecosystems? The latter is a very large and
important question and certainly some will argue that the suggested change will not yield the expected
results in spite of the historical observations referenced throughout this paper indicating otherwise. This
then becomes both a dilemma and a challenge for the future of rangeland ecosystems, range science,
range managers, and graziers across the globe.

SUMMARY

While numerous pastoral cultures have subsisted for thousands of years and continue to survive today,
nearly all are facing great difficulties as the world's rangelands deteriorate. Historical observations
suggest that desertification is the result of both climatic and anthropic factors with specific emphasis only
recently placed upon the effect of sedenterization and the subsequent feedback cycle initiated through
partial-rest and total rest prevalent across nearly all continents, societies, and grazing culturestoday. Asa
result, the studies examined in this paper suggest that ""management systems" be re-considered and
supplanted by more inclusive planning processes focusing upon improving arid and semiarid rangeland
ecosystems through the use of livestock as a solution to the problem of land degradation.
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Detecting Dead Shrub Patches Using Remote Sensing Techniquesin

Southeast |daho

Darci Hanson, GIS Training and Research Center, Idaho State University, Pocatello, ID 83209-
8104, (http://giscenter.isu.edu, email: giscenter@isu.edu)

Keith T. Weber, GISP. GIS Director, Idaho State University. GIS Training and Research Center,
921 S. 8" Ave,, Stop 8104, Pocatello, 1D 83209-8104. webekeit@isu.edu

ABSTRACT

Five remote sensing satellite sensors (Hyperion [30m x 30m spatial resolution], Landsat 5 TM [30m X
30m spatial resolution], Satellite Pour I’ Observation delaTerre (SPOT) 5 [10m x 10m spatia resolution],
Quickbird [2.4m x 2.4m spatial resolution], and Worldview-2 [1.8m x 1.8m spatia resolution]) were used
to determine if patches of dead-shrubs could be differentiated among a matrix of ground cover types
(basalt, bare ground, grass, and live-sagebrush) using classification and regression tree analysis. Results
for al image classifications were unsuccessful (overall accuracy < 75%) suggesting it may not be possible
to detect dead-shrubs with the satellite-based sensors tested. However, pair-wise Analysis of Variance
(ANOVA) results for in situ spectra collected with a handheld Analytical Spectral Devices, Inc (ASD)
FieldSpec Pro field spectroradiometer, showed significant differences between dead-shrubs and all other
ground cover types (P < 0.001). To aid in the characterization of vegetation at the study site and better
understand the spectra signatures of landscape features, shrub height, age, and percent water content
were aso compared with ANOV A results indicating a difference in percent water content between live
and dead-shrubs (P < 0.001).

KEYWORDS: Shrub die-off, shrub mortality, sampling, GIS, remote sensing, sagebrush, image
classification
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INTRODUCTION

Sage-grouse (Centrocercus urophasianus) are a sagebrush-obligate species requiring large, contiguous
expanses of habitat (Connelly et a., 2004; Aldridge et al., 2008; Knick and Connelly, 2011). Some form
(particularly big sagebrush (Artemisia tridentata) and silver sagebrush (Artemisia cana)) and quantity
(~15-30% canopy cover) of sagebrush within the landscape are necessary to meet seasonal food, cover,
and nesting requirements of sage-grouse (Patterson 1952, Connelly et al., 2000, Connelly et al. 2011,
Knick and Connelly, 2011). While the quantity, or area, of available habitat isimportant so is habitat
quality. The National Land Cover Database (NLCD) maps typically designate sagebrush dominated areas
as shrub/scrub (Figure 1) and while the entirety of the NLCD land cover classification cannot be treated
as viable sage-grouse habitat, the sage-grouse conservation area (SGCA) falls within amgjority these
areas (Connelly et al. 2004) (Figure 2; black boundary). Similarly, sage-grouse distribution closely
mirrors sagebrush distribution (Figure 3) and for this reason, land managers may treat most shrub/scrub
areas as viable sage-grouse habitat.

*. | NLCD Land Cover Classes, 2006
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Figure 1. Land cover based upon the National Land Cover Database (NL CD) identifying areas of shrub/scrub
land cover type, which land manager s often delineate as sage-grouse habitat.
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Figure 2. Sage-grouse conser vation assessment boundary (SGCA) based on pre-settlement distribution of
sage-grouse (source: Connelly et al. 2004).
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Figure 3. Estimated distribution of sagebrush density within the SGCA (source: Connelly et al. 2004).

Patches of shrub mortality can occur within otherwise healthy stands of sagebrush leading to an
overestimation of total sage-grouse habitat. Sagebrush (shrub) mortality in semiarid rangelands was a
widespread phenomenon in the salt-desert region of Utah between 1983 and 1988 due to persistent wet
conditions (Wallace et al., 1989). In Wyoming, Colorado, and Utah snow-mold fungus was also indicated
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as apossible cause of shrub mortality (Hess et al. 1985). Though this phenomenon is known to occur
throughout the semiarid sagebrush-steppe for avariety of reasons including drought, wetter than normal
seasons, snow-mold fungus, and insects (Hess et a. 1985, Harper et al. 1989, Haws et al. 1989, Wal ser et
al. 1989, Wienset al. 1991, Tilley et d. USDA NRCS, Takahashi and Huntly 2010, Hampton and Huntly
2010), published reports pertaining to this phenomenon in southeast 1daho focus primarily on shrub
mortality caused by leaf defoliating insects such as the Aroga moth (Aroga websteri). Sagebrush is the
exclusive larval host of the Aroga moth and, in high numbers larva can kill host plants and reduce the
production of foliage and flowering by surviving plants (Hampton and Huntly, 2010). Takahashi and
Huntly (2010) reported increases in inflorescence growth (22%), flower production (325%), and seed
production (1053%) after an experimental removal of insect herbivores from big sagebrush (Artemesia
tridentata) plants with insecticide. Regardless of the cause, shrub mortality affects sage-grouse habitat as
it impacts the primary source of food and shelter.

The ability to differentiate dead-shrubs from proximal targets with remote sensing imagery would allow
land managers to better assess the quality of sage-grouse habitat across their distribution. Remote sensing
systems onboard satellites provide high quality yet relatively inexpensive data, and are useful for
monitoring a variety of landscape characteristics (Weber et a. 2008, Weber et al. 2009, Wheeler and
Glenn 2003, McMahan et a. 2003, Sankey et al. 2008). A limitation of satellite-based sensors that can
impact their ability to accurately record target radianceis the signal to noise ratio (SNR) of the sensor.

Atmospheric scattering and the signal to noise ratio (SNR) of a sensor can affect the accuracy of recorded
radiance of atarget at the sensor. Scattering occurs when reflected light strikes other particlesin the
atmosphere before reaching the satellite sensor. The type of scattering (Rayleigh, Mie, or Nonselective) is
dependent upon the size of particlesin the atmosphere, their abundance, the wavelength of the reflected
light, and the depth of the atmosphere through which the energy is traveling (Campbell, 2008). Rayleigh
scattering is attributed to atmospheric gas molecules and causes visible effects such as a blue sky. Mie
scattering occurs when particles have diameters that are roughly equivalent to the wavelength of the
scattered radiation, and is experienced primarily in the lower atmosphere through larger particles such as
dust or pollen. Nonsel ective scattering accounts for what we observe as a whitish haze in the atmosphere,
and refers to scattering that occurs from particles larger than the wavelength of the scattered light
(Campbell, 2008). The SNR of a particular sensor can a so influence the ability to accurately record
reflected energy of atarget. The signa refersto differences in image brightness caused by actual
variations in scene brightness whereas noise refers to variations unrel ated to scene brightness, and more
with the inherent abilities of the sensor itself. If the magnitude of noiseislarge relative to the signal, the
resulting image will not provide areliable representation of the target of interest (Campbell, 2008).
Because of these effects, compiling a spectral library characterizing in situ target spectra can be useful
during classification of remotely sensed imagery.

Glenn et a. (2005) successfully detected leafy spurge occurrence in Swan Valley, Idaho using HyMap
hyperspectral data collected by the HyVista. In situ spectra of leafy spurge and other proximal vegetation
were collected using an Analytical Spectral Devices, Inc (ASD) FieldSpec Pro field spectroradiometer
concurrent with image acquisition to characterize in situ target reflectance patterns at various wavel engths
across the electromagnetic (EM) spectrum. Spectral profiles were combined with known geographic
locations of leafy spurge to derive endmembers within images for two data collection years.
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Characterization of in situ target spectra enabled visual analysis of minor variations in reflectance and
absorption patterns of leafy spurge across the EM spectrum, while also serving to help the authors
determineif a spectral subset of image data would be necessary for successful classification.

Williams and Hunt (2004) had success detecting leafy spurge occurrence in northeast Wyoming, near
Devils Tower National Monument using Airborne Visible Infrared Imaging Spectrometer (AVIRIS) and
spectral mixture analysis. In situ spectra of leafy spurge were collected with an ASD Fieldspec UV/VNIR
Spectroradiometer, and were used to verify identification of spectral endmembers of leafy spurge. These
positive results further illustrate how characterizing target spectra through field collection of in situ
spectra can help achieve positive results during image classification.

Published reports pertaining to remote detection of shrub mortality islimited. Chopping et al. (2008)
describe a new method for retrieving fractional cover of large woody shrubs at the landscape scale using
Earth Observation System (EOS) Multiangle Imaging SpectroRadiometer (MISR) derived imagery and a
hybrid geometric-optical canopy reflectance model. Stow et al. 2007 used very high spatial resolution
(2m) multispectral imagery collected with an Airborne Data Acquisition and Registration (ADAR) system
with visible near infrared (V/NIR) datasets to generate shrub cover change maps for Mission Trail
Regional Park in San Diego, CA. Overall accuracy and kappa statistics for classification were 83% and
0.64 respectively.

The reflectance of an object over various wavel engths of the EM spectrum is commonly referred to asa
spectral signature (Chuvieco and Huete 2010). Spectral signatures are initially recorded as radiance by the
sensor that has been reflected by targets from aterrain. They are then converted to reflectance values to
ease interpretation and to enable cross-comparison of remote sensing image data of an area from different
dates. To reliably detect afeature using remote sensing, that feature must exhibit a unique spectral
signature. It was hypothesized that a difference in plant water content between dead-shrubs and live-
sagebrush might be akey factor for successful classification of dead-shrub. Thereis a strong relationship
between the reflectance in the shortwave infrared (SWIR) (1550 — 1750 nm and 2080 — 2350 nm) and the
amount of water present in the leaves of a plant canopy (Jensen, 2007). Water in plants absorb incident
energy in thisregion with increasing strength at longer wavelengths.

To detect, and thereby characterize the extent of shrub mortality within sage-grouse habitat areas of
southeast Idaho, remote sensing technol ogies were applied. This paper describes the field sampling
performed during the summer of 2010 as well as laboratory analysis of image data from five remote
sensing satellite-based sensors, to determine if patches of dead-shrubs could be detected among the matrix
of ground cover types at the O’ Neal Ecologica Reserve, Idaho. This study used random, adaptive, and
directed sampling techniques to collect various sagebrush plant characteristicsincluding field and
laboratory measured wei ghts of twig samples from dead-shrubs and live-sagebrush to cal cul ate percent
water content, along with a plot level determination of homogeneity. These data were used to classify
imagery for presence/absence of dead-shrubs. Vegetation data were collected to determine if there was a
statistical difference in percent water content between dead-shrubs and live-sagebrush, and likewise, if a
difference in percent water content would translate to spectral differentiation in the SWIR region of the
EM spectrum.
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METHODS

Study area

The O’'Ned Ecological Reserve (Figure 4) islocated along the Portneuf River, approximately 30 km
southeast of Pocatello, Idaho (42° 42' 25"N, 112° 13' 0" W). The O’ Nea receives <0.38 m of
precipitation annually with nearly 50 percent falling as snow in the winter months (October 1- March 31).
An average of 0.15 m (SE = 55.4) of rainfall occurs during the growing season (April 1 — September 31).
The topography isrelatively flat with a mean elevation of approximately 1426 m (1400-1440 m). The Site
is characterized by shallow, well drained soils over basalt flows originally formed from weathered basalt,
loess, and silty alluvium that remain homogenous throughout the site (USDA NRCS 1987, Weber and
Gokhale 2010). Dominant plant species include big sagebrush (Artemesia tridentata) with various native
and non-native grasses, including Indian rice grass (Oryzopsis hymenoides) and needle-and-thread
(Hesperostipa comata) (Davis and Weber, 2010). The O’ Neal is managed by Idaho State University
(ISU) while land immediately surrounding it is managed by the USDI BLM. This area has a history of
rest-rotation cattle grazing (> 20 years) at low stocking rates (300 AU/ 1467 ha[6 AUD ha-1]). Thelast

2% ut Far i (1 P H
Figure 4. Study area: The O’ Neal Ecological Reserve, represented by the polygon, islocated near
M cCammon, | daho, 30km south of Pocatello. Thiswas the study area was chosen aspart of aresearch
project attempting to remotely detect dead-shrub patches using five satellite-based sensors (Hyperion,
Landsat 5 TM, SPOT-5, Quickbird, and Worldview-2)

Field data collection
Two sampling sessions were completed during the summer of 2010. The first session (14 June 2010 — 25
June 2010) consisted of 60 randomly located sample points followed with adaptive sampling applied to
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stands determined to be homogeneous (> 50%) for dead-shrub based on protocols described at
http://gi scenter.isu.edu/research/Techpg/nasa_postfire/results.htm.

Sampl e points were navigated to using a Trimble GeoXH GPS receiver (< 1.0 m @ 95% CI following
post-process differentia correction) with each point referred to as plot center. An insufficient number of
dead-shrub sites were found during the initial sampling session (n = 13) and as aresult, a directed
sampling approach was used in the second sampling session (29 June 2010 — 14 July 2010). The directed
sampling approach is one where field personnel use their knowledge of the study areato locate additional
sample sites. While this approach introduced a bias into the sample dataset it was effective for locating
uncommon targets such as homogeneous stands of dead-shrubs. When a new site was located, the same
sampling protocol as described above was followed. The goal of the field collection campaign was to
collect a minimum of 60 live-sagebrush and 60 dead-shrub sites.

Sagebrush and dead-shrub twig samples were collected from up to four plants at each site and weighed
using a Pesola scale (+/- 1 g). Selected twigs were approximately 5 mm in diameter and approximately
250 mmin length. A total of 30 live-sagebrush twig samples were collected as well as 30 dead-shrub twig
samples. These samples were placed in abag, |abeled with aunique ID consisting of the sample point ID,
date, and sequence (1-4) and returned to the laboratory for drying and determination of percent water
content (Davis et a. 2011).

Field spectra were collected from five in situ target types (basalt, bare ground, grass, dead-shrub, and live-
sagebrush) during summer, 2010 (n = 2,565). Data were collected using the ASD FieldSpec Pro and
imported into Microsoft Excel for further processing. Spectra were sorted by target and wavel ength.

Image acquisition and processing

Imagery for the O'Neal study areawas collected during the summers of 2009-2010 to capture peak
greenness of sagebrush in southeast 1daho. This was determined by viewing time-lapse video of
sagebrush at the O'Neal from 12 March 2010 through 10 October 2010 (URL here for that file) (Table 1).

Table 1. Remote sensing satellite imagery collected for the O’ Neal Ecological Reserve, Idaho May - July, as
part of aresearch project to remotely detect dead-shrub patches using five satellite-based sensors (Hyperion,
Landsat 5 TM, SPOT-5, Quickbird, and Worldview-2).

Sensor Coallection Date Spatial Resolution Spectral Resolution

Hyperion 16 June 2010 30m x 30m 220 bands: 400 nm to 2500 nm

Landsat 5TM 07 May 2010 30m x 30m 7 bands: Blue, Green, Red, NIR, SWIR
1. SWIR2

SPOT 5 20 June 2010 10mx 10m 4 bands. Green, Red, NIR, SWIR

Quickbird 06 June 2009 2.4mx 2.4m 4 bands: Blue, Green, Red, NIR

Worldview-2 16 May 2010 1.8mx 1.8m 8 bands: Blue, Green, Red, NIR1, NIR2

Coasta Blue, Yellow, Red Edge
All satellite imagery (excluding Hyperion) were atmospherically corrected using Idrisi Taiga (ver. 16.04)

image processi ng software. Images (excluding Landsat) were co-registered for improved horizontal
positional accuracy. Landsat data were delivered registered to a high degree of accuracy, however to
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confirm registration accuracy, data were compared against 2004 National Agricultural Imagery Program
(NAIP) imagery (1m x 1m spatial resolution) (horizontal positional accuracy within +/- 5m). WV-2 and
Quickbird imagery were co-registered to known ground control points of high positiona accuracy (Weber
et a., 2010v). Due to coarse pixé resolution, it was not possible to co-register Hyperion, Landsat, and
SPOT imagery to the same ground control points used for WV -2 and Quickbird, therefore images were
co-registered to the 2004 NAIP imagery. Root mean square error (RM SE) was <50% (Table 2) of the
pixel resolution for all co-registered imagery, which is suggested as the minimum necessary for reliable
classification (Weber, 2006).

Table 2. Co-registration resultsfor remote sensing satellite imagery collected over the O’ Neal Ecological
Reserve, Idaho

Sensor Spatial Resolution (mpp) RM SE % pixel size
Hyperion 30.0 2.76m 9

L andsat 30.0 2.97m 10
SPOT 10.0 1.68m 17
Quickbird 2.4 0.07m 3
WV-2 18 0.10m 6

Spectral signatures were extracted for all imagesin Idrisi (Image Processing— Signature

Devel opment—SEPSIG) and spectral differentiability was tested using the Transformed Divergence
Index. Transformed divergence is acommonly used measure of differentiability that calculates the
statistical “distance” between classification categories. The calculated differentiability value provides a
measure of potentia classification accuracy. With amultiplier constant of 2,000, a calculated value of
1,500 is the suggested threshold for significant differentiability (Richards 1993, Lillesand and Kiefer
2000).

Supervised classification of imagery was performed in Idrisi to differentiate dead-shrub classes from live
shrub classes using 119 field sample points acquired during the summer field sampling sessions. Sample
points were separated into two classes where an attribute of 1 indicated dead-shrub and 2 indicated
"other" (e.g., live-shrub, grasses, bare ground, or basalt). Using Hawth’s Tools (Beyer, 2004) in ArcMap
9.3.1, these sampl e points were randomly selected and divided into training and validation sites to allow
for independent validation. Using Idrisi a presence/absence model for dead-shrubs was created using
classification and regression tree analysis (CTA) (Image Processing—Hard Classifiers—CTA).
Classification and regression tree analysis is a non-probabilistic, non-parametric statistical technique that
is adept at modeling data that is non-normally distributed (Breiman et al. 1998; Friedl and Brodley 1997;
Lawrence and Wright 2001; Miller and Franklin 2001). It is hypothesized that dead-shrub patches are
non-normally distributed and for this reason, may be modeled more accurately with CTA relative to other
supervised classification techniques such as maximum likelihood, which may be more appropriate when a
dataset is known to follow a certain distribution pattern (Clark Labs, 2008). The CTA agorithms select
useful spectral and ancillary data which optimally reduce divergence in aresponse variable (Lawrence
and Wright 2001). CTA uses machine-learning to perform binary recursive splitting operations and
ultimately yields a classification tree diagram that is used to produce a model of the response variable.
Splitting algorithms common to CTA include entropy, gain ratio, and Gini. The entropy agorithm has a
tendency to over-split, creating an unnecessarily complex tree (Zambon et al., 2006). The gain ratio
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algorithm addresses the over-splitting problem through normalization while the Gini agorithm partitions
the most homogeneous clusters first using a measure of impurity while isolating the largest homogeneous
category from the remainder of the data (McKay and Campbell 1982; Zambon et d., 2006). As aresult,
classification trees developed using the Gini splitting algorithm are less complex and therefore more
easly understood by the analyst. For these reasons, the Gini splitting algorithm was selected for usein
this study.

A key advantage of CTA isitsahility to use both spectral and non-spectral data selectively during the
splitting and classification process. This allows for the use of topographic data which may be equally
important in modeling dead-shrub. Such ancillary data can be used with other supervised classification
techniques (Lillesand et al., 2008) but classifiers like maximum likelihood use al input datato arrive at a
final classification. Thisisin contrast to the advantage of CTA noted above, which selectively applies
input datain its classification process.

All atmospherically corrected multispectral imagery bands and an NDV 1 layer were used for the
classification. For Hyperion, 61 image bands were selected from 220 as part of a standard data reduction
technique along with three derivative slope bands for image classification. These bands were selected to
correspond with wavel engths determined through visual analysis of graphed in situ spectra as optimal for
detection of dead-shrub patches based on mean reflectance peaks of dead-shrub spectra and areas of non-
overlapping variability for target spectra.

Normalized Difference Vegetation Index (NDVI) is an index of photo-synthetically active vegetation and
is calculated using the red and near infrared (NIR) bands of multispectral imagery. The resulting NDV I
has an interval of -1 to +1, where -1 is no vegetation and +1 is pure photo-synthetically active vegetation
(Rouse et a., 1973, Tucker 1979). High reflectance of vegetation in the NIR wavel engths due to spongy
mesophyll within leaf structure makes NDV 1 avery useful landscape productivity parameter in its ability
to highlight areas of photo-synthetically active vegetation. Though there has been some evidence that
NDVI isless successful a predictor variable in study areas where bare-soil exceeds 20% (Sankey et al.
2009), it is still widely accepted to be useful as a predictor variable for vegetation and is used in rangeland
studies (Weber et al. 2009, Gokhale and Weber. 2009, Blanco et al. 2007, Aldridge and Boyce 2007, Zou
et a. 2006). NDVI was included in this study for all multispectral imagery, as an additional separation
measure of dead-shrub and was calculated in Idrisi Taigaimage processing software following equation
2. Theinclusion of this measure helped to isolate actively photosynthesizing vegetation from senesced
vegetation.

NIR Band—Red Band (
NIR Band+Red Band

NDVI =

Eq. 2)

Laboratory and statistical analysis

Twig samples were dried in ovens at 80° Celsius for 48 hours. Once dried, samples were re-weighed
using the same Pesola scale used to weigh them in the field. Field weights were defined as “wet weight”
and post-drying laboratory weights as “dry weights.” Wet and dry weights were recorded in MS Excdl.
Percent water content was calcul ated following equation 3. A single factor ANOVA test was used to
determineif there was a difference in percent water content between live-sagebrush and dead-shrubs.
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Percent Water Content = 1 — (dry weight/wet weight) (Eq. 3)

Descriptive statistics for in situ spectra were calculated, and mean reflectance values for each target type
were graphed creating a spectral profile of each target type. Variability of reflectance (@ 95% CI) within
each target spectrawas calculated by multiplying the standard error by 1.96 (or the z-score for a 95%
confidence interval). These values were then applied to the calculated mean of each target at each
wavelength and graphed. Targets were considered differentiable when separated by > 1.96 standard error.
Pair-wise single factor ANOV A tests were performed (basalt, bare ground, grass, and live-sagebrush) to
determine if dead-shrubs could be differentiated from the matrix of other rangeland features.

Derivative spectroscopy, or derivative analysis, isatool commonly used in the analysis of hyperspectral
remote sensing data. Derivative techniques enhance minute fluctuations in spectral reflectance and may
help separate closely related absorption features (Louchard et al., 2002). Spectral derivative techniques
have been applied in remote sensing and found to eliminate background signals and differentiate
overlapping signatures. When applied to remote sensing, derivative analysis is a measure of the dope of
the line of a portion of the spectral profile where the dlope of the line appearsto differ among target types.
For the purpose of this research this technique was used as an additional separation measure for
classification of dead-shrub using Hyperion hyperspectral imagery.

Spectral profiles were analyzed visually to locate points where the slope of the line appeared to differ
from the slopes created by the other targets within the same waveband region. Derivative slopes were
calculated in Idrisi using the Hyperion imagery for three spectral regions using the following equation
(Tsai and Philpot 1998):

s(A)-s4))
AL (Eq' 3)

Wheres(4,;) isthe reflectance at wavelength i, s(4;) isthe spectral reflectance at wavelength j, and A 2
refersto difference between wavelengthsi and j.

Slope =

Classification accuracy assessment

Resulting classification layers were independently validated in Idrisi (Image Processing— Accuracy
Assessment—ERRMAT) using a standard error matrix and Kappa statistic, where predicted (modeled)
target type (e.g., dead-shrub) locations were compared against known (field) target type (e.g., dead-shrub)
locations (Table 3). The Kappaindex of agreement served as an indicator of how well the classification
performed relative to arandom classification. Classifications with > 75% overall accuracy were
considered reliable (Goodchild et al., 1994, Weber 2006). However, classifications with overall accuracy
of ~ 70% were till considered positive results. Paired error matrix tests of significance (Congalton and
Green, 2008) were used to determine if any of the image classifications performed statistically better than
any other, where the null hypothesis (0) indicates no difference between classifications.

RESULTS AND DISCUSSION

Field data

Of the sample points collected 97.7% were post-process differentially corrected to < 1m, while 0.002%
were corrected at an accuracy > 1m. Sub-meter accuracy of field locations resulted in a high degree of
horizontal positional accuracy which ensured that field |ocations were reliably located in the correct pixel
during image classification. For high spatial resolution remote sensing imagery such as Quickbird (2.4m
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spatial resolution) or Worldview-2 (1.8m spatial resolution) a high degree of horizontal positional
accuracy (RMSE < 50%), because if the target being classified comprises one pixd of that imagery, a
dlight shift in the actual location relative to the measured field sites can result in lower overall accuracy
(Weber 2006, Weber et a. 2007).

Image processing

Transformed divergence values for each of the spectral signatures developed for this study were well
below the threshold (1500; Table 4) indicating low potential for differentiation of dead-shrub from the
matrix of other targets during image classification.

Table 4. Transformed diver gence valuesfor five remote sensing satelliteimages (Hyperion, Landsat 5TM,
SPOT 5, Quickbird, and Worldview-2) testing spectral separability of dead-shrub patches using the SEPSI G
tool in Idrisi Taiga image processing software as part of a research project attempting to remotely detect
dead-shrub patches at the O’ Neal Ecological Reserve, |daho.

Sensors
Transformed Hyperion L andsat SPOT Quickbird WV-2
Divergence Values 840.82 563.77 826.64 952.57 605.96

Laboratory and statistical analysis

The mean percent water content of live-sagebrush plants was 64.6% (SE = 0.01; n = 30) and 15.6% for
dead-shrubs (SE = 0.03; n = 30) and ANOVA results indicated a significant difference (P < 0.001) (Davis
et a., 2010). These results suggest thereis a difference in water content between dead-shrub and live-
sagebrush, which means that dead-shrub patches should exhibit greater reflectance valuesin the SWIR
region of the EM spectrum relative to live-sagebrush which would experience greater absorption at these
wavelengths. These results support the hypothesis that a spectral band sensitive to the SWIR region may
be important for successful classification of dead-shrubs.

Pair-wise single factor ANOVA tests for differentiability between ASD field spectra of dead-shrub and
the other in situ targets (basalt, bare ground, grass, and live-sagebrush) revealed a statistical difference
between all paired samples (P < 0.001). Calculated variability of spectrawithin each target classwas
narrow (spectral separation > 1.96 SE) further supporting evidence for differentiability among target
spectra (Hanson et a., 2010). Thisindicates that dead-shrub patches have a unique spectral signature (the
unique combination of reflected and absorbed EM radiation at varying wavel engths that uniquely
identifies atarget) relative to the other target types used in this study (basalt, bare ground, grass, and live-
sagebrush), and therefore may be detectable via a remote sensing platform.

Three points of dope deviation were found among the mean in situ target spectra. These line-segments
were found between 700 nm and 730 nm, 1115 nm and 1140 nm, and 1290 nm and 1330 nm (Figure 5).
The resulting slopes were selected as they are considered fundamentally diagnostic (Becker et a. 2005).
Slopes of these line-segments were cal culated using Hyperion bands 38 and 35, 97 and 99, and 115 and
118 respectively following equation 3.
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Figure 5. Points of slope deviation among mean In situ target spectra (basalt, bare ground, grass, dead-shrub,
and live-sagebrush) collected at the O’ Neal Ecological Reserve, |daho.

The spectral profiles were superimposed with representations of the image bands for each sensor included
in this study to gain insight as to which bands might be useful for classification (Figures 6 through 9).
Visual analysis of these data revealed the reflectance peaks for dead-shrub spectra were consistently
different from other target spectra between 700 nm and 2500 nm. Image bands for Hyperion were not
superimposed with the spectral profiles because the excessive number of available bands (220) and
narrow band widths characteristic of hyperspectral dataresulting in near continuous spectral coverage.
The bands that appeared to show the greatest difference between dead-shrub spectra and other targets for
each of the sensorswere: NIR, SWIR-1, and SWIR-2 for Landsat 5 TM (Figure 6); NIR and SWIR for
SPOT 5 (Figure 7); NIR for Quickbird (Figure 8); and red edge (RE), NIR-1 and NIR-2 for WV-2 (Figure
9).
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Figure6. Landsat 5 TM image bands superimposed with plotted mean reflectance of in situ target spectra
collected at the O’ Neal Ecological Reserve, Idaho as part of aresearch project attempting to remotely detect
dead-shrub patches using five satellite-based sensors (Hyperion, Landsat 5 TM, SPOT-5, Quickbird, and
Worldview-2) Thisgraph was used as a pre-analysistool to get an idea of which bands might be useful during
image classification for the successful identification of dead-shrub patches.
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Figure7. Spot 5 image bands superimposed with plotted mean reflectance of in situ target spectra collected at
the O’ Neal Ecological Reserve, Idaho as part of a research project attempting to remotely detect dead-shrub
patches using five satellite-based sensors (Hyperion, Landsat 5 TM, SPOT-5, Quickbird, and Worldview-2)
Thisgraph was used asa pre-analysistool to get an idea of which bands might be useful during image
classification for the successful identification of dead-shrub patches.
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Figure 8. Quickbird image bands superimposed with plotted mean reflectance of in situ tar get spectra
collected at the O’ Neal Ecological Reserve, |daho as part of aresearch project attempting to remotely detect
dead-shrub patches using five satellite-based sensor s (Hyperion, Landsat 5 TM, SPOT-5, Quickbird, and
Worldview-2) Thisgraph was used as a pre-analysistool to get an idea of which bands might be useful during
image classification for the successful identification of dead-shrub patches.
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Figure 9. Worldview-2 image bands superimposed with plotted mean reflectance of in situ target spectra
collected at the O’ Neal Ecological Reserve, Idaho as part of aresearch project attempting to remotely detect
dead-shrub patches using five satellite-based sensors (Hyperion, Landsat 5 TM, SPOT-5, Quickbird, and
Worldview-2) This graph was used as a pre-analysistool to get an idea of which bands might be useful during
image classification for the successful identification of dead-shrub patches.
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Classification accuracy assessments

Image classification of dead-shrub was unsuccessful regardless of the sensor used for classification
(overal accuracy < 75%) (Table 5). Thisis consistent with results achieved with the transformed
divergence measure of separability test. Overall Kappa statistics were also low, indicating classifications
were only slightly better than random. Paired error matrix tests of significance suggest no image
classification performed better than any other (Z < 1.96). As aresult, we conclude that detection of dead-
shrubs is not possible with the sensors used in this study.

Table5. Classification accuracy assessment for the classification of five remote sensing satellite images
(Hyperion, Landsat 5 TM, SPOT 5, Quickbird, and Worldview-2) of dead-shrub patches at the O’ Neal
Ecological Reserve, Idaho. Thiswas part of aresearch project testing the abilities of satellite-based sensorsto
detect sage-grouse habitat quality.

Hyperion Lands5TM SPOT 5 Quickbird WV-2
User s Accur acy 55 % 65 % 67 % 58 % 62 %
Producers Accuracy 60 % 65 % 60 % 64 % 66 %
Overall Accuracy 54 % 66 % 65 % 59 % 61 %
Kappa 10% 32 % 29 % 18 % 23%

Assesement of error and bias

There are several possible factorsthat could have contributed to the negative results for this study.
Worldview-2 isthe finest spatially resolved multispectral remote sensing satellite currently available.
Despiteits spatial resolution, thisimagery may not be sufficiently spatially resolved for the type of
classification attempted. Though an effort was made to record stands that represented homogenous pixels
of either live-sagebrush or dead-shrubs, there likely was some pixel mixing of target spectrawith adjacent
or underlying targets such as exposed soil or grass which may overpower or alter the resulting dead-shrub
spectrarecorded at the sensor. Sagebrush is awoody shrub species and its associated spectral signature,
like most vegetation in semiarid regions, lacks significant spectral contrast compared to features with
strong reflectance like soil (Okin et al., 2001). Soil albedo often produces a much higher reflectance than
other targets and, lacking leaves, dead-shrubs may allow underlying soil to be exposed to the sensor.

SNR of asensor can further impact recorded radiance of atarget at the sensor as it refers to the inherent
abilities of the sensor to accurately record data. An SNR of approximately 100:1, as with the Hyperion
imagery (Boardman, 2002) used in this study, is low, which could help explain the negative classification
results observed for this sensor.

Laboratory results suggest a statistical difference in plant percent water content between dead and live
shrubs (P < 0.001). However image classifications of dead-shrub were negative for al sensorstested.
These results do not support the hypothesis that a SWIR band would enable differentiation of dead-shrub
patches however these results are more likely the result of the relatively coarse spatial resolution of the
sensors containing SWIR image bands (Landsat, SPOT, and Hyperion). Additionally, the spectra profile
produced by bare ground demonstrated nearly identical absorption and reflectance patterns as dead shrub,
though with higher reflectance. It is possible that negative classification results were due to the inability
of the sensor to differentiate dead shrub reflectance from the very similar yet overpowering bare ground
reflectance. Future research might reexamine this hypothesis using different sensors with finer spatial
resolution, as results of pair-wise ANOVA tests between in situ spectra of dead-shrub and proximal
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targets (basalt, bare ground, grass, and live-sagebrush) indicate that differentiation was possible (P <
0.001 for al sampled pairs), however while in situ proved that dead shrub-spectra had higher reflectance
in the SWIR region than live-sagebrush, dead-shrub spectra was consistently lower than most other target
types, including bare ground.

Spectra resolution of each sensor is yet another consideration. Imagery with higher spectral resolution
can enable discrimination of subtle differencesin spectral signatures (Aspinall et a., 2002), and provide
increased species discrimination (Glenn et al., 2005). In this study, the image classification of dead-shrubs
with the Hyperion hyperspectral sensor was unsuccessful despite a high spectral resolution (220 spectral
bands). Although spatial resolution for Hyperion is coarse (30m x 30m) and SNR is poor (< 100:1)
(Boardman, J., 2011) which could affect the sensor’ s ahility to accurately record target radiance even with
improved spectral resolution.

CONCLUSIONS

This project attempted to differentiate shrub mortality by classifying imagery from five satellite-based
sensors (Hyperion, Landsat 5 TM, SPOT, Quickbird, and Worldview-2). Classification results were
unsuccessful, with users accuracies ranging from 55% to 67%, producers accuracies ranging from 60%
to 66%, and overall accuracies ranging from 54% to 66%. Paired error matrix tests of significance
determined that no image classification performed better than any other (Z < 1.96). These negative results
were likely due to a combination of factorsincluding coarse spatial resolution, pixel mixing, low spectral
resolution, or poor SNR of the sensor. Future research should revisit this study with sensors other than the
five tested here.

Analysis of in situ spectra, collected concurrent with the field season described in this study, confirmed
differentiability of dead-shrub spectra (P < 0.001) from the matrix of other targets (basalt, bare ground,
grass, and live-sagebrush), though spectral profiles produced by dead-shrub and bare ground
demonstrated nearly identical reflectance and absorption patterns, and dead-shrub spectra had consistently
lower reflectance than bare ground. In addition a difference was found in plant percent water content
between dead and live shrubs (P < 0.001) suggesting that differentiation might be possible with sensors
possessing SWIR band(s). Dead-shrub classifications with the imagery used in this study containing

SWIR bands (Landsat, SPOT, and Hyperion) were unsuccessful and this may be due to the relatively
coarse spatia resolution and resulting pixel mixing among other contributing factors. Additionally, while
analysis of in situ spectra proved that dead-shrub spectra had higher reflectance in the SWIR region than
live-sagebrush, dead-shrub spectra were consistently lower than most other target types, including bare
ground.

It is hypothesized that successful classification may be possible with sensors possessing very high spatial,
spectral, and radiometric resolutions. These stipulations will reduce pixel mixing, increase sensitivity of
the sensor to awider range of wavelengths across the EM spectrum, and increase the ability of the sensor
to discriminate between differencesin signal strengths as it records radiant flux. Currently, the required
spatial resolution isonly available using aeria photography. However, unlike satellite sensors where the
entire image footprint is effectively acquired from anear nadir (directly underneath the sensor)
perspective, with airborne sensors an increasing off-nadir angle exists for pixels at or near the edge of the
imagery. Technology is constantly and rapidly evolving however, and if a satellite-based sensor is

226



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

devel oped incorporating very high spatial, spectral, and radiometric resolutions, results from this study
suggest that positive detection of dead-shrub patches may be possible.

Globally, shrublands are one of the least protected biomes, having undergone conversion to agriculture or
invasion by exatic plant species (Brooks et a., 2004, Knick and Connelly, 2011). In the west, 1 oss of
shrublands has led to population declines for shrubland obligate species, such as sage-grouse (Peterjohn
and Sauer 1999, Vickery et al., 1999, Brennan and Kuvlesky 2005, Askins et al., 2007). Asland managers
work towards devel oping conservation measures for sage-grouse, any additiona information regarding
the quality of sage-grouse habitat could prove useful. Remote detection of shrub mortality within
otherwise live and healthy stands of sagebrush could be one such piece of additional information. Though
negative classification results were achieved with this study, results of in situ spectral analysisimply that
separation is possible. Additional research using more highly resolved sensorsis merited.
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Quantifying Habitat Fragmentation in the Big Desert, |daho

Darci Hanson, GIS Training and Research Center, Idaho State University, Pocatello, ID 83209-
8104, http://giscenter.isu.edu, email: giscenter@isu.edu

Keith T. Weber, GISP. GIS Director, Idaho State University. GIS Training and Research Center,
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ABSTRACT

Aerid imagery acquired in 1954, 1992, 2004, and 2009 for the Big Desert in southeast Idaho were used to
guantify change in total area of irrigated agriculture for this region. Polygon feature classes were digitized
for each year and stored in a personal geodatabase. Area was cal culated and compared between years.
Tota areawas determined after applying a 6.9 km buffer around the polygons to account for potential
movements of human-subsidized (synanthropic) predation. The imagery for 1954 represented the state of
sagebrush-steppe rangel ands surrounding the Big Desert prior to significant conversion to irrigated
agriculture, and thus was the basis for comparison between 1954 and 2009. Results indicate the Big
Desert has seen an increase (>50%) in irrigated agriculture between 1954 and 2009, most of which
occurred between 1954 and 1992(~50%).

KEYWORDS: Sage-grouse, agriculture, cropland, irrigated, center pivot, GIS, aerial imagery
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INTRODUCTION

The Greater Sage-Grouse (Centrocercus urophasianus) is a sagebrush obligate species with annual home
ranges that can exceed 2700 km? (Da ke et al. 1963, Schroeder et al. 1999, Leonard et a. 2000, Knick and
Connelly, 2011). Higtorically, sage-grouse distribution was estimated to have extended through regions of
13 US states and 3 Canadian provinces (Schroeder et a. 2004, Connelly et al. 2004). Presently, sage-
grouse occupy approximately half of their estimated pre-settlement distribution (Schroeder et al. 2004).
Forecasting models of potential for sage-grouse persistence indicate that 75 percent of sage-grouse
populations across are likely to decline below minimum viable popul ation of 500 individuals within 100
yearsif current conditions and trends persist (Garton et al. 2000).

For sage-grouse, nesting and early brood-rearing periods may be considered the bottleneck for persistence
of the species as predation of adult sage-grouse is at its highest frequency during the nesting and early
brood-rearing period (Connelly et al. 2000a, Naugle et a. 2004, Moynahan et al. 2006, Hagen 2011).
Sage-grouse exhibit strong fidelity to previous years nest sites even if habitat within that siteis no longer
viable (Fischer et a. 1993, Connelly et al., 2000, Conndlly et a. 2004). The minimum recommended
distance of human development from sage-grouse lekking sites is 5km for non-migratory populations, and
18km for migratory populations (Connelly et al. 2000). These distances have been recommended due to
observed travel distances for population types (non-migratory and migratory), however, they are also
recommended with the consideration of potential movements by synanthropic predators such as domestic
dogs and cats, red fox, and corvids (Leu et a. 2008, Knick et al. 2011). Nesting hens require diverse
vegetation in the form of sagebrush, succulent forbs, tall grasses, and litter, not only for sustenance during
prolonged idle periods of nest incubation, but also for shelter from airborne and ground-based predators
(Gregg 1991, Schroeder et al. 1999, Connelly et a. 20002 Connelly et a. 2004, Aldridge et al. 2008).
They require large areas of contiguous habitat because, though hens tend to be less mobile during the
nesting period, some have been known to travel distances up to 6.2 km between nest and lek sites
(Connelly et a. 2000). Sage-grouse average 51 percent nest successin relatively non-altered habitats and
37 percent in altered habitats (Connelly et a. 2011), with partial clutch loss occurring in ~50 percent of
nests. Thislossis partially, if not largely, due to predation during nesting and early brood-rearing periods.
Predation of adultsis less common during this period due to their tendency to abandon nests under
predator threat (Patterson 1952, Hagen 2011). However this|eaves eggs and recently hatched chicks
vulnerable to predation instead. Human development such asirrigated agriculture, infrastructure such as
roads, powerlines, and pipelines, and urbanization has fragmented sage-grouse habitat in sagebrush-
steppe rangelands, aiding predator movements, particularly those of synanthropic predators (Tewksbury
et a. 2002, Knick and Connelly 2011).

Habitat fragmentation refers to permanent or long lasting dissection of natural systemsinto spatially
isolated parts resulting from either anthropogenic or natural influences, where they are impacted such that
habitat suitability for a species or community of animalsis diminished (Galvin et a. 2008). What are now
coined semiarid sagebrush-steppe rangel ands were once described as a“ sea of sagebrush” in journals of
early American explorers such as John C. Frémont and Lewis and Clark (Frémont 1845). Since that time,
the “sea of sagebrush” has been divided into severa discontinuous “lakes’ through human devel opment
such as paved roads, fencing, urban centers, residential developments, and large-scale conversion to
irrigated agriculture such as center pivot irrigation. For sage-grouse, habitat fragmentation may aid
predation (Fichter and Williams 1967, Pasitschniak-Arts et al. 1998, Bunnell 2000, Connelly et a. 20007,
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Connelly et al. 2004, Leu et al. 2008, Knick et a. 2011), exacerbate the spread of invasive species such as
cheatgrass (Bromus tectorum) (Vitousek et a. 1997, Smith et a. 2000, Browder et al. 2002, Knick et al.
2003, Conndlly et a. 2004, Hansen et al. 2005), or limit the total area of contiguous, undisturbed habitat
availableto them (Connelly et al. 2004, Aldridge et . 2008). The underlying cause for population
declines across the entire sage-grouse distribution is loss of suitable habitat (Connelly and Braun 1997,
Leonard et al. 2000, Aldridge et al. 2008, Knick and Connelly, 2011). Almost all of the Snake River Plain
in southern Idaho (Figure 1) that contains deep loamy soils and once supported big sagebrush now has
been converted to agriculture (particularly cropland) (Hironaka et al. 1983, Knick et al. 2011). Within this
areathefirst private irrigation projects began on the upper Snake River near Wyoming in the 1870s.
Agriculture (mostly cropland) currently covers >230,000 km? (11%) of the entire sage-grouse
distribution, which trand ates to ~1,600,000 km? of total areainfluenced when a 6.9 km buffer is applied
to account for potential movements of synanthropic predators (Leu et al. 2008, Knick et a. 2011).
Leonard et a. (2000) correlated declining sage-grouse populations in the upper Snake River Plain of
southeast Idaho with cropland area. Within their study area, cropland devel opment was estimated to have
increased from 18% to 28% between 1975 and 1985 respectively, and by 1992 reached 31% (Leonard et
al. 2000, Knick et a. 2011). Center pivot irrigation (invented by the Mel Brown Company in 1957)
visibly represents alarge portion of irrigated agricultural development surrounding the Big Desert (Figure
2). No differentiation seems to be made in the current literature as to the impact of center pivot irrigated
agriculture on sage-grouse habitat relative to other forms of irrigated agriculture. However, automated
center pivot was devel oped to reduce labor costs, while aso distributing water more efficiently and
uniformly, which enabled agricultural development of lands that had previously been unsuitable for
surface irrigation. Thisresulted in an increase in the use of center pivot irrigation by 50% from 1986 to
1996 (Evans, 2001).

Clark Fork -Flathead -
Kootensai - Spokcane

Figure 1. A map of the Columbia River Basin. The Upper Snake River plain isshown in gray (or red, or
yellow) (source: US Army Cor ps of Engineers, North Pacific Division, CRT 69).
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Figure 2. Irrigated agricultural development for the Big Desert, southeast |daho. Thisimage was gener ated to
highlight the extent of center pivot irrigation aspart of a multitemporal analysis of habitat fragmentation of

sage-grouse habitat in the form sagebrush-steppe rangeland conversion to agriculture.

This paper attempts to examine habitat fragmentation in the form of irrigated agricultura devel opment
surrounding a known sage-grouse stronghold in southeast 1daho — the Big Desert. It describes the
techniques used to analyze aerial image data of the Big Desert for four separate years. Image data were
used to generate a multitemporal analysis of irrigated agricultural development surrounding the study
area.

METHODS

Study Area

The Big Desert study area (Figure 3) islocated in southeastern Idaho approximately 71 km northwest of
Pocatello, Idaho (113° 4’ 18.68" W, 43° 14’ 27.88” N) (Anderson et a. 2008). The areaiis largely
undeveloped and is characterized as semiarid sagebrush-steppe rangel ands bordered by relatively recent
lavaformations to the west and southwest, and irrigated agricultural lands to the north, south and east
(Weber and McMahan, 2003). The study areaincluded irrigated agricultural lands adjacent to the south
and east perimeter of USDI BLM Big Desert alotment. The study areais approximately 467,814 hain
size and spreads across portions of four counties including Butte, Blaine, Bingham, and Power Counties.
The study areaislargely managed by the Bureau of Land Management (BLM) (75 percent). The
Department of Energy (DOE) manages approximately eight percent, seven percent is managed by the
State of Idaho, and 10 percent is privately owned (Figure 4). Topography is generally flat to gently rolling
hills with a mean elevation of 1539 m (range = 1351 m — 2297 m). Soils are comprised mostly of silicic
volcanic material and Paleozoic rocks (McBride et a. 1978, Connelly et al. 2000v). Using precipitation
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datarelevant for 1992 to 2009, mean annual precipitation was 0.21 m (SE = 0.016 m) with about 48%
falling as snow in the winter months (October 1 —March 31). Vegetation type is principally Wyoming big
sagebrush (A. tridentata wyomingensis)-bluebunch wheatgrass (Pseudoroegneria spicata) with other
native and non-native species found throughout such as Cheatgrass (Bromus tectorum) (McBride et al.
1978, Connelly et a. 1991, Gokhale and Weber, 2010). The Big Desert has a history of continuous low
intensity grazing by sheep with a stocking rate of 0.051 animal units per hectare (AU/ha). According to
BLM personnel, only approximately 10 percent of available AUs are utilized each year (Weber et al.
2003). In addition, the area has a history of wildfire occurrence (Weber and McMahan, 2003) and over
thelast 10 years there have been 14 fire occurrences within the Big Desert region.

o b | ] L
- i s 2 5
L . a R e A iy

Figure 3. The Big Desert study areain southeast |daho, ~ 71 km northwest of Pocatello. This site was chosen
asthelocation for a multitemporal analysis of sagebrush-steppe rangeland conversion toirrigated agriculture
near a sage-grouse stronghold in southeast | daho.

Figure 4. Management delineationsfor the Big Desert Study area. This study area was chosen asthe sitefor a
multi-temporal analysis of sage-grouse habitat fragmentation southeast 1daho.
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There are several migratory populations of sage-grouse present in the Big Desert, which remains aregion
of important habitat in southeast Idaho. Big Desert sage-grouse popul ations have experienced gradual
declines however, due to loss of habitat which has been largely attributed to wildfire (BDSGLWG, 2010).
Approximately 70% of the Big Desert has been burned by wildfire since 1995, causing loss of large
contiguous areas of sagebrush. Of the 70% burned, 30% has been classified as key sage-grouse habitat
(BDSGLWG, 2010). In 2008, the BLM assessed habitat quality for Sage Grouse in Idaho dividing it into
four classes: 1) Key delineates areas of prime habitat, 2) R1 delineates areas of perennia native and non-
native grasslands with high restoration potential, 3) R2 delineates areas of annua grass dominated areas
with low restoration potential, and 4) R3 delineates areas of conifer encroachment with high restoration
potential. Of these classes, the Big Desert study areais considered "KEY™" (28%) and "R1" (46%) habitat
for sage-grouse (Figure 5).

o

Big Desert Study Area & Sage-
grouse habitat delineations

[ [—

R - Pernnial natveinss-natve prassisss
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o 25 5 10 B
Study Area
tors

Figureb5. Greater Sage-Grouse habitat quality classes as developed by the Bureau of Land M anagement
within the Big Desert, Idaho. Habitat quality classare: 1)K, which delineates ar eas of prime habitat, 2) R1,
which delineates ar eas of perennial native and non-native grasslands with high restoration potential, and 3)
R2, which delineates ar eas of annual grass dominated areaswith low restoration potential.

In 2006 the Crysta fire burned approximately 89,000 ha of the Big Desert study area (31%). Y psilantis
(BLM) indicated this area coincided with nesting and winter habitat for sage-grouse (Figure 6).
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Figure 6. Greater Sage-Grouse habitat quality classes as developed by the Bureau of Land M anagement
within the Big Desert, |daho superimposed with the 2006 Crystal Fire boundary. Habitat quality classes are:
1)K, which delineates ar eas of prime habitat, 2) R1, which delineates ar eas of perennial native and non-native
grasslandswith high restoration potential, and 3) R2, which delineates areas of annual grass dominated areas
with low restoration potential.

While wildfire has fragmented sage-grouse habitat within the Big Desert, conversion of sagebrush-steppe
rangelands to cultivated agriculture on private lands (10% of the total study area) along the southern edge
of the study area further fragments sage-grouse habitat.. Though wildfire has an obvious impact on sage-
grouse habitat in the Big Desert, it is part of the sagebrush-steppe rangeland ecosystem, and therefore
does not have the same impact as fragmentation caused by anthropogenic influences such asirrigated
cropland development. Habitat fragmentation of this form often permanently transforms sagebrush-steppe
landscapes. Connelly et al. (2000) reported arecovery rate of approximately 14 years before awildfire-
disturbed landscape was once again considered viable for sage-grouse.

Image Acquisition and processing

Aeria imagery of the study areawas collected for four separate years including 1954, 1992, 2004, and
2009. Imagery collected in 2004 and 2009 were produced through the Nationa Agricultural Imagery
Program (NAIP) (1m x 1m spatial resolution) (horizontal positional accuracy + 5 m). Imagery collected in
1992 was amosaic of several 3.75 minute Digital Orthophoto Quarter Quadrant (DOQQS) tiles
originating from the U.S. Geological Survey (USGS) (1m x 1m spatia resolution). The imagery collected
in 1954 was a mosaic of severa aerial image tiles produced by the Army Map Service. Images were taken
at an altitude of 8,991 m. Individual frames were arranged together manually and then scanned to a
tagged image file format (TIFF) (10m x 10m spatial resolution) (Figure 7). To the author’ s knowledge,
this aerial mosaic isthe best available representation of the Big Desert prior to significant conversion of
sagebrush-steppe rangelands to center pivot irrigation, and therefore served as a foundation for
comparison.
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Figure 7. 1954 «till frame mosaic of the Big Desert study area in southeast 1daho.
To cover the entire study area, several tiles were mosaicked together to create a single cohesive image for
each year (1954, 1992 and 2004) using LizardTech GeoExpress ver 7.0 software. NAIP imagery for 2009
covered the entire state of Idaho and was streamed into the project via the Idaho State University (1SU)
GIS Training and Research Center (GIS TReC) website image service, removing the mosaic process for
thisimage year. The imagery from 1954 was image to image co-registered to the 2004 NAIP imagery (the
“gold standard” image for this study), using the ArcGIS 10.0 georectify tool. The “gold standard” image
was the aerial image with the lowest root mean square error (RMSE) of horizontal positional accuracy.
The remaining imagery (1992 and 2009) was tested for co-registration. Co-registration is the process by
which the pixels of one image are aligned with the pixels of another so that specific geographic features
appear within the correct, representative pixel. A final rectification permanently aligns the pixels of the
images to the gold standard image. A first-order, or affine, transformation using nearest neighbor
resampling was used as it reduces the likelihood that pixel values will change once the images are
georectified. Higher order transformations may further reduce horizontal error but may also change the
pixel values. Higher order transformations are typically used with images having inconsistent XY extent
where greater warp/rubber sheeting is necessary for proper pixel aignment and reduced horizontal error.
This process ensured good relative accuracy between images. Relative accuracy refersto the level of
precision by which pixels of images are aligned relative to the “gold standard” image. Images for the later
years (1992 and 2009) were tested for co-registration against the gold standard imagery (RM SE 0.03 and
0.22 respectively) and afina rectification was not necessary.

242



Final Report: Assessing Post-Fire Recovery of Sagebrush-Steppe Rangelands in Southeastern Idaho

Table 1. Root mean squareerror (RM SE) of all co-registered and co-registration tested imagery of the Big
Desert, southeast Idaho for years 1954, 1992, 2009

Image Date  RMSE

1954 17.3m"
1992 0.03m?
2009 0.22 m°

A- imagery was rectified using nearest neighbor resampling
B- imagery was tested for co-registration but not rectified as the current level of co-registration was acceptable.

Laboratory and statistical analysis

Heads-up digitizing was used with ArcGIS 10.0 software to create polygons around visible agricul tural
fields within each of the images. Polygon extents were limited to those areas visible in all images. For
precise digitizing, 1992, 2004, and 2009 imagery were zoomed to an extent of 1:2,000 (where 1cm on the
image is equivalent to 20m on the ground). The imagery from 1954 was digitized while zoomed to an
extent of 1:60,000 (where 1cm on the image is equivalent to 600 m on the ground). The zoomed extents
used (1:2,000 and 1:60,000) were chosen because they represent the extent before which imagery became
too pixilated for precise digitizing while also optimizing visibility of the targets being digitized. Polygons
were digitized for each year beginning with 2009 and working backward to 1954. The 2009 imagery was
digitized first because it was hypothesized that, of all the imagery used for this study, it would have the
greatest total area of irrigated agriculture.

Working chronologically backwards with the 2009 polygon feature class, polygons that were not
fragmented in the previous year imagery (e.g., 2004) were removed so that each representative polygon
layer accurately reflected irrigated agriculture present in that year. Moving backwardsin time, there were
instances that polygons were added rather than removed (as with the 1954 imagery) because the
boundaries had faded so greatly that they were not previously visible in imagery for the more recent years
(2004 and 2009). The goal for digitizing was to capture al visible boundaries within the imagery for
irrigated agricultural lands, asit has been suggested that once an area has been converted from sagebrush-
steppe rangel ands to something el se, it can never return to its original state (Seastedt et al. 2008). Polygon
data were stored as feature classesin a personal geodatabase. If agricultural fields shared boundaries with
neighboring fields (i.e., were only separated by aroad), a single polygon was created around the outside
perimeter of those fields. Patches of unconverted habitat within the extent of larger polygons were only
accounted for if the area was consi stent with the recommended minimum distance (> 18km) from lekking
sites for migratory species of sage-grouse, such as those populationsin the Big Desert study area
(Connelly et al. 2000).

Polygons were digitized to extend only from the southeast to the east edge of the Big Desert (Figure 8), as
preliminary visual analysis of the imagery suggested that the maority of conversion to irrigated
agriculture surrounding the Big Desert occurred in this area. Polygons extended to the Snake River, asthe
purpose of the study was to examine agricultural development immediately surrounding the Big Desert.
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Figure 8. Polygons of cropland development near the Big Desert, I D in 2009, extending asfar north and south
asthe southeast boundary of the Big Desert, and to the Snake River.

Geoprocessing

A 6.9 km buffer was created around polygon extents for each year (1954, 1992, 2004, 2009) to alow for
potential movements away from agricultural fields by synanthropic predators (domestic dogs and cats, red
fox, and corvids) (Leu et al. 2008, Connelly et a. 2004, Knick and Connelly, 2011). Tota areawas
calculated and compared for each year (1954, 1992, 2004, and 2009) for buffered and non-buffered
polygon extents. Conversion to agriculture was recorded in hectares as well as a percent of overal change
from 1954 as well as between years. Geoprocessing tasks (buffers) were documented and performed
within the Model Builder application of ArcGIS 10.0 (Figure 9).
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Figure 9. M odel Builder flow chart documenting geoprocessing performed in ArcGI S 10.0 to analyze total
area of change between polygonsrepresenting cropland development in the Big Desert, | daho between 1954
and 20009.

A union was performed with the buffered polygon extent for 2009 and the Big Desert. Surface
Management Agency (SMA) polygons (GIS data obtained at www.insideidaho.org) describing land
ownership were clipped to the extent of the Big Desert study area. An erase function was performed to
display those land ownership parcels within the Big Desert study area that had not been converted to
irrigated agriculture as of 2009. A sdect function was then performed to display privately owned parcels
that could be converted to irrigated agriculture. Visua analysis of the 2009 imagery was used to remove
those polygons within the study area where conversion had already begun, but were not included in the
study. These geoprocessing tasks were performed to indicate the potential for future habitat fragmentation
through rangeland conversion to irrigated agriculture.

RESULTS AND DISCUSSION

The year estimated to have the greatest total digitized area of irrigated agriculture was 2009 (95,210 ha or
20% of the study area). Estimated total area converted between 1954 and 2009 was 35,862 ha (Table 2),
or a60% increase from the total area present in 1954. A comparison of calculated areas between years
suggested that the mgjority of conversion after 1954 occurred between 1954 and 1992 (51%), and much
smaller percent increases from 1992 to 2004 (4%), and 2004 to 2009 (2%) equating to an approximate
total increase of 6% between 1992 and 20009.
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Table 2: Total area of changein agricultural development in an area immediately adjacent to the south and
east perimeter of the Big Desert, |daho between 1954, 1992, 2004, and 2009.
Total areainirrigated Changeinirrigated Percent change Total Estimated

Imagery agriculture (ha) agriculture (ha) relativeto 1954  since 1954 (ha)
1954 59374 59374 n/a

1992 89409 30062 50 %

2004 93152 3743 4%

2009 95210 2057 2% 35862

When the 6.9 km synanthropic predation buffer was included around digitized polygon extents for each
year (1954, 1992, 2004, and 2009), total area of estimated irrigated agricultural development between
1954 and 2009 increased from 35,862 hato 42,311 ha (Table 4). This indicates that the area actually
influenced is 15% greater than the area of irrigated agricultura development.

Table 3: Total area of changein agricultural development in an area immediately adjacent to the south and
east perimeter of the Big Desert, | daho between 1954, 1992, 2004, and 2009 with a 6.9 km synanthropic
predation buffer representing total area of influence.

Per cent of total Total estimated
Total Area  Changeinirrigated wheretotal is growth since 1954
Imagery Hectares agriculture (ha) 1954 imagery (Hectares)
1954 77305 77305 n/‘a
1992 113660 36355 47 %
2004 117511 3851 3%
2009 119616 2105 2% 42311

To measure the potential for future fragmentation of sage-grouse habitat near the Big Desert, land use
polygons were analyzed indicating an additional 27,781 ha of privately owned land could be converted to
irrigated agriculture. With the current level of irrigated agricultural development, Big Desert sage-grouse
populations can still use some centralized areas that are greater than 18 km away from the total area of
influence (Figure 10). However, there are private lands within the study area that were not accounted for,
aswell as some areas that have not yet been developed (Figure 11).
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Figure 11. Potential irrigated agricultural development near the Big Desert, Idaho based on 2010 land
owner ship parcels (www.insideidaho.or g) displaying privately owned lands that have not yet been converted
toirrigated agriculture.
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CONCLUSION

Theresults of this study indicate the total area of land that has been converted from sagebrush-steppe
rangelands to agriculture has increased since 1954. Comparison of converted areas from each year (1954,
1992, 2004, and 2009) indicate the majority of conversion occurred between 1954 and 1992 (~50%) with
smaller increases in more recent years. These results correlate with agricultural devel opment patterns
along the Snake River Plain reported by Leonard et al. (2000) indicating a 10% increase in irrigated
agriculture along the Snake River Plain between 1975 and 1985. Johnson et a. (2011) argued the majority
of conversion of sagebrush-steppe rangelands to irrigated agriculture occurred during the first half of the
20" century. This could mean that even imagery as early as 1954 may not accurately reflect the study area
prior to significant sagebrush-steppe rangeland conversion to irrigated agriculture.

Though the Big Desert Sage-Grouse Local Working Group (BDSGLWG) believesthereisalimited
possibility of converting sagebrush-steppe to agricultural production, there is presently an additional
27,781 ha of undevel oped, privately owned land within the Big Desert study areathat, if developed, could
further fragment sage-grouse habitat (Connelly et a. 2000). Current conservation measures seem to
revolve around restoring sage-grouse habitat through sagebrush restoration programs such as the
Conservation Reserve Program (CRP). The CRP program allows agricultural lands that have been
converted from sagebrush-steppe to be planted with perennia grasses, forbs, and sagebrush (Schroeder
and Vander Haegan 2011, BDSGLWG 2010, Pyke 2011). Asaresult, Schroeder et a. (2011) reported
success in sage-grouse response to CRP lands in Washington with increases in observed nesting sites.
Conclusions cannot be drawn from the results presented in this research as to the effect CRP land has had
on Big Desert sage-grouse populations. However, results indicate that presently, Big Desert sage-grouse
populations still have use of some centralized areas that are greater than 18 km away from the total area
influenced by irrigated agricultural development.
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