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Background

In 2008, as part of the Landscape Toolbox projeetidaho Chapter of The Nature
Conservancy, in partnership with Bureau of Land dpment (BLM) staff of the Shoshone
Field Office (SFO), initiated a landscape-scaleecgtady of the current ecological condition and
ecosystem dynamics of the SFO’s Wildhorse Allotment

The purposes of this case study were two-fold. fireewas to demonstrate how the LT’s multi-
scale assessment approach — which relies on aefyatew remote sensing technique, object-
based image analysis — could be used to make kpidictions of the current condition of
rangeland landscapes over a large (i.e., > 10(0P@&andscape with a quantified level of
accuracy acceptable for management decision-makhngysecond objective was to use the LT's
CLARA tools to quantify how different managemengsarios might affect wildfire impacts in

the Wildhorse over a 50-year time period.
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The Wildhorse case study consisted
five interrelated steps (Fig. 1):

1. Development of a set of state-
and-transition (S/T) models
that described the different
rangeland vegetation
communities (i.e., vegetation
states) in the Wildhorse,
including characterization of
disturbance (e.g., fire) and
normal management (e.g.,
grazing) regimes;

Ancillary Data

Maps af current
ecological states

Management Spatial &
Ma’gg;’;"m Scenarios to Non-Spatia
Evauate Analysis

2 : M applng Of rangeland Proportion of Potential Stability of amount Effects n_f Mode
vegetation states and chffet ot ot Hietont stotos Seatos over tre A
conditions across the e e
Wildhorse; [

3. Definition of management "

1
; v v v
goa|S, COﬂStl‘alntS, and M M Changesin Landscape "Optimal locations
H . frequencyisize Grouse Habitat Fragmentation for restoration to
scenarios, connectivity meet mat. goals.
4. Simulation of possible future
landscape conditions using Legend
dynamic modeling soﬂware. glnputs created via this project Dlntermediaie products O Analysis steps
and D Analysis outputs D Interpreted analysis results
5. Synthesis Of mode"ng output - Wodel Developrrent WUltFscale Yey Mapping
into results and implications momi. Goalsiobjectives (P Anaysis Output interp. syrthesis
for rangeland management.

Figure 1. Conceptual diagram illustrating the relaionship
between the different case study steps.

This document details the methods implemented esdts obtained for the vegetation mapping
components of the Wildhorse case study. The vagetatapping was conducted concurrent to
the development of the S/T models (i.e., the class&pped fit with what was required by the



S/T models, but the classes in the S/T models wéteenced by what could be reliably
discriminated via imagery and available field dafid)is document describes only the
classification scheme developed through the S/Tahdelvelopment process, and does not go
into detail about how these classes function adiws$Vildhorse. Detailed information on the
development of the S/T models and the resultsebtenario modeling exercises is given in the
Wildhorse Allotment Case Study: Cumulative Landsaagsessmeneport.

Study Area T T

This case study occurred on the L. "k B [ srudgohren Bouminey
97,308 ha Bureau of Land L indm _
Management (BLM) Wildhorse 7z g . Land Ownership
Allotment in southern Idaho (Fig. 2, L | BLM
43.028°N, 113.864°W). The L | Private
Wildhorse Allotment lies within Z ] { " State of Idaho
BLM'’s Shoshone District and is W B LovaFlows

partially within the Craters of the
Moon National Monument.
Physiographically, the study area is |
mostly flat plateaus or gently rolling |
hills, ranging in elevation from
1,272m in the southwest corner to
1,557m. Precipitation ranges from
24.9cm to 32.6cm based on the
PRISM map of average annual
precipitation from 1971 to 2000
(PRISM Group, Oregon State
University,
http://www.prismclimate.org =
created June 16, 2006). A i
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Current vegetation communitiesin 0 10 20
the Wildhorse Allotment are
dominated by a mosaic of mountain
big sagebrushArtemisia tridentataNutt. sspvaseyandRydb.) Beetle), three-tip sage
(Artemisia tripartiteRydb.), and Basin big sagebrugkrtémisia, tridentataNutt. ssp.

tridentatg. Principal understory grasses are bluebunch wghaesd (Pseudoroegneria spicata
(Pursh) A. Love) and Idaho fescueebtuca idahoensiBlmer). Cheatgras8(omus tectorunt..)
abundance is highly variable within the study areaching high densities in disturbed sites and
sites that have frequently burned. Dominant eccoldgites within the study area are loamy
Basin big sagebrush/bluebunch wheatgrass, WyomgqgdgebrushArtemisia tridentataNutt.
ssp.wyomingensi8eetle & Young)/bluebunch wheatgrass, and thresdge/ldaho fescue, and
sandy Basin big sagebrush/needle-and-thread draspérostipa comat@rin. & Rupr.)
Barkworth) — indian ricegras&¢hnatherum hymenoid@Roem. & Schult.) Barkworth) (USDA
Natural Resources Conservation Service 2003)

Figure 2. Location and ownership of the Wildhorse Aotment.



The Wildhorse area has seen an active fire histaty 18 wildfires within the last 20 years, and
8 of those greater than 200 ha. Over the last 26sy80.04% of the Wildhorse Allotment has
burned. The frequent, large fires in this area lerdributed to the spread of cheatgrass and
other invasive species in the allotment.

The majority of the Wildhorse Allotment is in pubbwnership with the Bureau of Land
Management (BLM) being the largest single land atel\w managing approximately 93,317 ha
(95.8%) of the study area. Approximately 1,305 h&%o) of the study area is in private
ownership, and 2,843 ha (2.9%) managed by the statlaho. The main land use in the study
area is cattle and sheep grazing.

Methods

The objective of this mapping work was to suppddraiscape analysis of the effects of different
management scenarios and to give information omatiescape-wide condition of rangelands in
the Wildhorse Allotment. Accordingly, the classede mapped were dictated by the S/T models
being used in the simulation analysis (See Talite &n example of classes to be mapped for
Wyoming big sagebrush ecological sites). Typicgrapches to mapping for S/T scenario
modeling is to directly map the different modeltetaas discrete vegetation classes using an
image classification routine (e.g., supervisedsfamtion) and available field data. Such
methods, however, have met with limited succeskarpast, do not account for how accuracy of
vegetation mapping products changes across thg ated, and does not make full use of
information available in the field data.

For this case study we employed a different apgredwere we classified major land cover types
and the S/T model to which each site belonged (8Athmodel is based on one or more similar
ecological sites, Table 2) using a supervised ifleagon approach. Then to assign specific sites
to a specific S/T model class, we incorporated ipteehs of attributes of rangeland condition.
These attributes — for the Wildhorse case studyggm cover of shrubs, bare-ground, cheatgrass,
and forbs — are continuous variables that relatctly to rangeland condition and are often used
to determine suitability of rangelands for otheesige.g., as habitat for sage grouse). Accuracy
of each of these data layers (i.e., ecologicassitejor land cover types, and continuous
attributes) was assessed separately (see belaletaits). Developing these layers separately not
only allowed us to better quantify the uncertaiasgociated with assigning sites to specific S/T
model classes, but also increases the utility eseldata beyond this case study by creating more
general products that can be useful in a numbeargjeland management applications.

For this study, we employed a remote sensing tegciencalled object-based image analysis
(OBIA). In OBIA, the pixels in an image are firggnented into objects (i.e., polygons) in such
a way that the pixels within an object are moreilsinthan the pixels in neighboring objects
(Burnett et al. 2003; Baatz et al. 2000). We usednulti-resolution segmentation (MRS)
method developed by Baatz and Schéape (2000) aerngpited in the Definiens Developer 7.0
program fttp://www.definiens.com In the MRS method, contiguous pixels are iniial

grouped together to form an object. Subsequengightboring objects that are similar (according
to the parameters set) are merged into larger tshjetil a threshold of heterogeneity is reached
within the object. The MRS method accepts a nurobparameters that control how pixels and
objects are merged into larger objects. The caldrshape parameters control the degree to




which the objects are defined by spectral versxsital information and the compactness of the
objects, respectively. A unitless scale paramaiatrols the size (i.e., scale) of the objects by
specifying the degree of similarity that will resin neighboring objects being merged.

Table 1. Example rangeland vegetation states for hWyoming big sagebrush semi-desert S/T model
developed for the Wildhorse case study. This S/T ndel encompasses the following NRCS ecological sites
Loamy 8-12 ARTRW8/PSSP6-ACTH7, Shallow Loamy 8-12 RTRW8/PSSP6, and Loamy 12-16
ARTRW8/PSSP6.

Class/Stage Vegetation cover description

A Reference Early 10 - 25% native herbaceowsrga10% shrub cover (rabbitbrush,
WY big sage)

B Reference Mid-Open 11 - 20% cover WY big safje,- 25% native herbaceous cover,

C Reference Late - Closed 21 — 40% cover WYshige, <15% native herbaceous cover

D Depleted Shrub 10 - 40% cover WY big sage, <H@ftve herbaceous cover, 5 -
15% cover annual grass (cheatgrass)

E Seeded Non-native 10 — 40% cover seeded novenatinative/non-native mix

F Crested Wheatgrass >10% crested, <10% shruly cove

G Grassland at Annual Grass Threshold 5 — 158ércannual grass (cheatgrass)

H Annual Grass Dominated <15% cover annual giessatgrass)

I Shrub with Annual Grass Understory 20 — 40% coMY big sage, 5 - 40% cover annual grass
(cheatgrass)

Table 2. Ecological Sites and major land cover tygemapped for the Wildhorse case study. Each S/T med
was based on one or more similar ecological site3ee thewildhorse Case Study: S/T model descriptions
document for more information on the ecological sés related to each S/T model.

S/T Model Major Land Cover Types

Basin big sagebrush Agriculture

Low sagebrush Disturbed Site

Wyoming big sagebrush — semi-desert Grassland (AlnmuPerennial)

Wyoming big sagebrush — upland Basin big sagebrush

Wyoming big sagebrush with three-tip sage Threesgige

Three-tip sage Wyoming big sagebrush with Threesdige

Low sagebrush

Basin big and Wyoming big sagebrush

Wyoming big sagebrush

Lava

Bare ground/playa/rock

A unique feature of OBIA as opposed to other meshafdscaling-up satellite imagery is that
highly distinct objects (e.g., disturbed areasawvabdies), even though they may be small, can
persist as image objects while the overall scatb@kurrounding objects become larger. This
mimics the way that humans perceive the surfackeoarth when interpreting aerial imagery.
By selection of the appropriate segmentation patansets, objects defined through OBIA can
approximate habitat patch structures and be forimedscale hierarchies that correspond to
different levels of ecosystem organization (Blagckkal. 2002; Wu et al. 2002; Wu 1999).

The OBIA approach offers many advantages to rangetgology. First, boundaries of image

objects correspond well to observable ecotonesi@grtound (J. Karbinpublished data from
Laidlaw Park, 200Y. Second, texture within objects, which is oftenraportant diagnostic for
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correctly classifying rangeland vegetation, is éasguantify and use in the classification. Third,
OBIA classification routines take advantage of togaal relationships of image objects to
consider the context of objects which can be vdtufdy classification. Finally, the output of
OBIA classification is a set of classified vectalygons which are easier for field personnel to
use and update than are raster layers.

Imagery Acquisition

We acquired an ortho-rectified Landsat Thematic peaydTM) 5 satellite image for the study
area from July 11, 2008. Landsat TM 5 is a mulas@e sensor with pixel dimensions (i.e.,
resolution) of 30m on a side and six bands (nohting the thermal infrared band which was not
used): blue (0.45 to 0.52n), green (0.53 to 0.61m), red (0.63 to 0.69m), near infrared (0.78
to 0.90 m), and two short-wave infrared bands (1.55 to 1m&%and 2.09 to 2.35m). We

applied a dark-object subtraction method to cor@cthe effects of atmosphere (Chavez, Jr.
1996), and converted the image values to refleetéine., percent of incident light that is
reflected for each band).

The original multispectral bands of an image aghlyi correlated, and this can be undesirable
when segmenting the image in OBIA (Navulur 2007cérdingly, we used the tasseled-cap
transformation (Jensen 1996) to obtain a set ofli&aving low correlations with each other.
The tasseled-cap transformation is a linear contibimaf the original image bands that is
defined such that each of the output bands hasa@fspinterpretation (Crist et al. 1986).
Tasseled-cap coefficients must be defined for sadsor, and the number of tasseled-cap bands
possible equals the number of original bands frleensensor. The first tasseled-cap band is
interpreted as brightness of the land surface.sBgend band is interpreted as “greenness” and
correlates highly with plant photosynthetic acgvithe third band is interpreted as wetness and
correlates with vegetation and soil moisture. Bmuat, in most instances, captures much of the
noise in the image and generally is discarded. Baedcontains useful information (i.e., is not a
noise band) but usually does not have a cleargrdtation.

Field Data Collection

We used data that were collected by the Shoshosted@iBLM (G. Mann and J. Russel, BLM,
unpublished data The original purpose of the field data collentiwas to look at the effects of
restoration activities and wildland fire in the \hlorse Allotment. Sampling sites were located
randomly within the study area and 468 locationsaveampled between June 21, 2006 and
August 6, 2008. A single 15.15m (50ft) transect sisand percent cover of plant species was
recorded using the line-point-intercept method deed by Herrick et al. (2005). The location of
each sample point was recorded with a GPS andelifially corrected.

Of the 468 original sites, we excluded 122 becalusesites had burned between the date they
were sampled and when the satellite imagery wdsatetl (see below). For the remaining 346
observation sites, we calculated percent shrubrawéhe number of sample points where any
shrub species was encountered in any of the caagpys or as a basal hit divided by 50. For the
purposes of rangeland assessment and monitorirgggbaund is considered land surface not
covered by vegetation, rock, or litter (Bedell 19P@llant et al. 2005). Percent bare ground
cover was calculated as the proportion of the 56tpavhere no plant canopy was intercepted
and the soil surface was recorded as exposedsmitiCk et al. 2005). Cheatgrass cover was



calculated as the number of points along the ticngkere cheatgrass was encountered in any of
the canopy layers or as a basal hit divided by 50.

Image Segmentation

We used bands one, two, three, and five of thekadscap transformed image in Definiens
Developer’s (version 7.0) MRS algorithm to createtof image objects for the study area. The
scale parameter of the segmentation algorithm efscsthat the median size of the image
objects consisted of at least 20 pixels. All otbegmentation parameters were left at default
values. Segmentation resulted in 13,646 image bpggons with a median size of 5.22 ha
(range 0.09 to 459.81 ha). To each image objeggpol, we assigned the mean and standard
deviation of the pixels within the object for edzdnd. The image object polygons and their
attribute values were exported to a GIS layer. Mersected the image object polygon layer
with the sample points to obtain a table that adfield measurements, tasseled-cap image
values, and coordinates for each sample point. febie became the input for the statistical
analysis. Additionally, we created a point layegebmetric centroids from the image object
polygons that was used in the kriging analysegédipt the value of each image object.

Karl and Maurerif review) showed that there may be an optimal scale of satation of an
image for a variable being mapped. At scales betasvoptimal level (including pixel-level
analysis not using OBIA), regression will not acebfor all of the spatial variability expressed
in a semi-variogram of the original field obsereas, and the model residuals will show spatial
autocorrelation. In this case, RK may yield betésults than standard regression. At the optimal
scale, the semi-variance of the model predictioatches that of the original field data and the
residuals show little or no spatial autocorrelatidhthis point, RK performs no better than
standard regression for making predictions. Optisegimentation levels may vary for different
rangeland attributes depending on the nature af $patial autocorrelation. Karl and Maurer
found near-optimal segmentation levels throughyamabf successive levels of segmentation;
however, in practice, this method is currently tioomsuming and cumbersome to implement.
Regression kriging, because it can extract mommétion from spatially autocorrelated
regression residuals, offers a way to achieve aimndsults using the same set of image objects
for different rangeland attributes and without mgvio worry about finding a near-optimal
segmentation level. For this reason, we chose & soade parameter for segmentation that was
likely to be below the optimal level for any of ttieee attributes we were considering.

Land Cover Class Mapping
Mapping of the 11 land cover classes listed ing@blas done through a combination of
stratification, supervised classification, and de&xi rules in Definiens Developer 7.0.

We stratified the Wildhorse study area by groupiogSSURGO map units that shared similar
ecological sites in terms of their species compmsiand soil type. This approach yielded 35
distinct landscape units (Figure 3). Land covess#s were assigned to the image objects within
each landscape unit separately and the resultlftamdscape units merged together to produce
the final Wildhorse land cover classification.

Once a landscape unit was selected, the approparadecover classes for that unit were
determined. This approach helped to reduce erfarsromission by excluding land cover



classes known not to occur or to be very rareparéicular landscape unit. Training locations for
each land cover class were identified on-screamusie field sample data as well as the
tasseled-cap transformed Landsat image and 2002 NAh color aerial photographs. Entire
image objects were selected as samples to traisuiervised classification routine.

Figure 3. The 35 landscape units used as strata ftine land cover classification

In general, we first discriminated between coarap klasses (i.e., vegetated land vs. non-
vegetated land) and then split those classesimto thematic detail until we achieved the
desired classification (e.g., vegetated land diaskinto agricultural land vs. shrubs/grasslands).
Often, decision-rules (e.g., brightness less tlwamnesimage-identified threshold value = bare
ground) improved the accuracy of the classificatiolassification of image objects via OBIA is
an iterative process (Navulur 2007), and we altexhhetween selecting training sites,
classifying the objects within a landscape ungpeily assessing the results against the imagery
and field data. This process was repeated unétiafactory result was achieved.

Many attempts have been made to discriminate thmatic detail from remote sensing
imagery than what we attempted to do with our di@ssion. While these attempts are often
reported to have a high degree of success in jtgjnmgpractice, they are not of high enough
accuracy for management decision-making. To avogdroblem, we elected to use a relatively
simple land cover classification scheme with whighcould be confident in its accuracy, and
then to employ alternative methods to map the asméecangeland condition that can help us
determine to which state in the S/T models any giieebelongs.

Mapping Attributes of Rangeland Condition



The land cover classification detailed above teflsvhat the current dominant land cover is of
any given site and to which S/T model the site g but it lacks the detail to inform us as to
which S/T model state any given site belongs. E&dhmodel state is defined by dominant land
cover and percent cover or density of some othegaiand attributes. Accordingly, we created
maps of percent cover of shrubs, bare ground, greesst, and forbs.

We used the method of regression kriging (RK) tqittee continuous attributes of rangeland
condition in the Wildhorse study area. In short, Rétks by first using generalized least squares
(GLS) linear regression to establish a relationfigpveen field observations and imagery data.
For each of the observation locations, the diffeegnetween the predicted and observed value
(i.e., the regression residual) is found, and & gfatistical technique of kriging is used to
predict the value of the residuals at unsampledtioos (Hengl et al. 2007). The predicted value
of a variable at any location, then is the sunmhefregression prediction and the predicted
residual value. Regression kriging has been shovgive the same or more accurate predictions
than standard regression approach in most sitisa{0deh et al. 1994, Bailey et al. 1995; Odeh
et al. 1995; Hengl et al. 2004; Karl and Mauremeniew), and makes better use of field
observations than standard regression approaches.

A detailed discussion of RK is beyond the scopthisfreport. A manuscript detailing the
regression kriging approach as applied to the Véildé study area has been prepared and
submitted for publication to the journal Rangel&wmblogy and Management. If you would like
more information on the RK technique and specifethnds used for this case study, we can
send you a draft of the submitted manuscript.

Accuracy Assessment

Accuracy assessment is a crucial part of any mapgxercise if the results are to be useful for
making management decisions. In general, accursgssament consists of comparison of the

spatial predictions to measurements made on thendrat specific sites. Accuracy assessment
was conducted separately for the land cover clagsand the continuous rangeland condition

attributes.

To assess the accuracy of the land cover classweagelected a set of image objects (at least 20
from each land cover class) and verified their laader class on the ground using additional
samples taken in 2009. This was done rather thdrhelding a subset of the original field data
to test the classification results because of: itjmatches between the site descriptions used in
the field sampling and the classification schemeetitged for this case study from expert
opinion of the conditions within the Wildhorse araad 2) concerns over the correct
identification of shrub and bunchgrass speciessamdpecies. Image objects to survey were
selected to be easy to access from the main roatie iWildhorse allotment but to cover the
range of different land cover classes. Figure dwshibie locations of the different accuracy
assessment validation sites. From these fieldigatibn data, we computed an error matrix and
calculated producer’s and user’s accuracy measisre®ll as a kappa coefficient of agreement
(Congalton 1991; Congalton et al. 1993).

Accuracy of the continuous rangeland conditiontaites was performed using a leave-one-out
cross-validation technique with the original fisldmpling data. This approach works as follows.



One observation is selected at random and remaveadthe dataset. A prediction for that
observation’s location is made using the remainiaig points, and the difference between the
observed and predicted values is recorded. The@lgfobservation is put back into the dataset
and another observation is selected at randomedindut. This procedure is iterated 100 times,
whereupon the root mean-squared error (RMSE) @utzkd as:

(2(s)- «S))

RMSE= |/ - (6)

wherez(§) was the observed value for locati§nand 2(5, ) was the predicted value for the

same location over atl points. RMSE is an expression of the average anrttre same units as
the prediction, and has the benefit that it candrapared directly between different predictions
using the same units. We also used the cross-tialideesults to construct plots of predicted
versus observed values for each prediction methaghoh variable. The combination of RMSE
with the prediction confidence intervals (descrilabdve) gives a complete characterization of
the accuracy of the continuous rangeland condditmbute layers.

Figure 4. Location of the 61 land cover accuracy aessment sites in the Wildhorse Allotment

Results

Land Cover Classification

Results of mapping the eleven land cover typeslaogn in Figure 5. The majority of the
Wildhorse study area was mapped as either grasddasah big sagebrush, Wyoming big
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sagebrush, or mixed stands of Wyoming and basirsdoggbrush (Table 3). Overall accuracy of
the classification was 80.3% based on 61 field olag®ns. This number of field observations is
low and the results for individual classes with felaservations (e.g., playa) should be
interpreted with caution. Producer’s accuracy,thmber of on-the-ground observations
classified correctly, for individual classes randean 40% for mixed ARTRW8-ARTRA4 to
100% for ARTR4, disturbed sites, and playa (TableThe errors in classifying ARTRWS-
ARTR4 came from confusion between the similar ARTR¥Wd ARTRTR. User’s accuracy, the
proportion of each class that corresponds to tisemied class, ranged from 57.1% for SENN to
100% for ARTRW8-ARTR4, disturbed site, and play&sSification accuracies for the
grassland cover type were generally lower than eege The low shrub cover resulting from
frequent burns across much of the Wildhorse allotmeade it challenging to discriminate
grasslands from recently reestablished shrub corti@siin some cases. Incorporation with the
Landsat data of higher spatial resolution imagerg.( NAIP) that is more sensitive to textural
differences between grasslands and shrublands slpyrhprove the ability to discriminate
between grasslands and shrublands.

The kappa coefficient of agreement for the ovetrlasification was 0.747. Kappa values greater
than 0.5 are generally considered indicative od@dgagreement between the field and image
data.

Table 3. Area of the Wildhorse Allotment mapped ireach of the 11 cover types.

Land Cover Type Map Code Acres % of Study | Mean Patch
Area Size (ac)
Agriculture --- 223 0.1% 111.3
Disturbed Site --- 1221 0.5% 8.47
Grassland (Annual or Perennial) --- 29672 12.4% 538.
Seeded, non-native grassland SENN
Basin big sagebrush ARTRT 67058 28.0% 60.4
Three-tip sage ARTRA4 7811 3.3% 116.6
Wyoming big sagebrush with Three-tip | ARTRWS8- | 11572 4.8% 394
sage ARTR4
Low sagebrush ARARS 1422 0.6% 24.9
Wyoming big sagebrush ARARWS 46587 19.4% 59.5
Lava 22 0.0% 2.0
Playa
Rock 4514 1.9% 9.1
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Table 4. Error matrix comparing predicted and obsewed land cover classes for 61 locations in the Whadrse
Allotment. Accuracy was assessed for only the categes occurring within the Wildhorse Allotment (e.g,
agriculture and lava were excluded). Also, no accacy assessment sites contained low sagebrush (ARAR8
so the accuracy of this class could not be estalbies.

Predicted
© foe) o S
s E 2 23 & =
x x r x = 5 7 © P
= = = Ex Z 9 S = Z Row ,
: & & 2x 336 & % Producers
' Total  Accuracy
ARTR4 8 8 100%
ARTRTR 1 13 1 1 16 81.3%
ARTRWS 3 3 100%
3 ARTRWS- 1 1 2 1 5 40%
S ARTR4
2 Disturbed 1 1 100%
O Site
Grassland 3 17 2 22 77.3%
Playa 1 1 100%
SENN 1 4 5 80%
Column Total | 9 17 5 2 1 19 1 7 61
User'’s 88.8% 76.5% 60% 100% 100% 89.5% 100% 57.1% Total %
Accuracy Correct
80.3%

For the scenario modeling portion of the Wildhorase study, it was necessary to know to
which S/T model each image object within the WildieoAllotment belonged (i.e., map

potential vegetation). We assigned image objectsoof the six S/T models based on their
mapped current vegetation, the current vegetatioreighboring objects, and the possible NRCS
ecological sites within the SSURGO map units. Fegishows the distribution of the potential
vegetation types in the Wildhorse Allotment. Noagpe attempt was made to verify the
accuracy of the potential vegetation map.
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Figure 5. Current vegetation classes in the Wildhare Allotment as mapped for this case study from auly 11,
2008 Landsat TM 5 image and field observations fror2006 to 2008.

Figure 6. The current vegetation classes were assigf to one of the state-and-transition models de\egled for
the Wildhorse case study based on NRCS ecologicéks and the SSURGO soil map units. Only four
categories are shown here even though six modelsreeleveloped for the Wildhorse area. The Wyoming lgi
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sagebrush (ARTRWS8) area on the map was divided inttwo models — Wyoming big sagebrush upland and
Wyoming big sagebrush semi-desert — based on diffmces in precipitation. A model was also created fdow
sagebrush (ARAR8) — an uncommon plant community thawas not mapped in the Wildhorse area.

Rangeland Condition Attributes

The GLS models for each of the three rangelanibates had adjusted®Ralues ranging from
0.208 for percent bare ground cover to 0.531 focqr@ shrub cover (Table 5). Spectral (i.e.,
average pixel values per image object) and tex{uea| standard-deviation of pixel values per
image object) were important in predicting coverlbbthree variables. For percent shrub cover,
there was a significant trend from east to west.deocent cheatgrass cover, there was a
significant trend from north to south, and for bgreund and forb cover, there was a second-
order trend in both latitude and longitude. Factiin the geographic trends in addition to the
variables derived from the Landsat imagery and eralgjects is necessary to meet the
stationarity requirements for kriging the modelidesls.

The empirical variograms of the GLS model residsalswed differing amounts of spatial
autocorrelation in the residuals for each rangektirtbute. For percent shrub cover, the nugget-
to-sill ratio (an expression of the proportion loé¢ tvariability in the residuals cannot be explained
by distance) was 0.377 (Figure 7a). The distangéhath residuals of the shrub cover GLS
model were no longer spatially autocorrelated was53m. Percent bare ground cover had a
higher nugget-to-sill ratio, 0.448, meaning thaslef the variability in bare ground cover could
be explained by distance (Figure 7b). The ranga@bare-ground residuals, however, was
much higher at 12,646m, indicating that the spatisbcorrelation was present over longer
distances. The residuals for the percent cheatgmas model, had the lowest nugget-to-sill
ratio at 0.023, suggesting that values of residcalsd be projected to unknown locations nearby
the field points (Figure 7c). However, this spatiatocorrelation was operating over a relatively
short distance of 768m (Figure 7d). ResidualsHergercent forb cover model had a nugget-to-
sill ratio of 0.409, and a range of 14,550m.
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Figure 7. Empirical variogram and spherical variogram model for the residuals of the four continuous
rangeland attributes. The nugget, sill, and rangéor the percent shrub cover residuals (A) were 0.(8%,
0.0090, and 3,653m, respectively. The nugget, sidhd range for the percent bare ground cover residals (B)
were 0.0047, 0.0105, and 12,647m, respectively. Theyget, sill, and range for the percent cheatgrassover
residuals (C) were 0.0023, 0.0100, and 768m, respreely. The nugget, sill, and range for the percentorb
cover residuals (D) were 0.0045, 0.0094, and 14,550espectively.
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Table 5. Generalized least squares (GLS) models fpercent shrub, bare ground, cheatgrassBromus
tectorumL.), and forb cover predicted from satellite imagepixel data summarized by image objects.

Variable % Shrub % Bare Ground % Cheatgrass % Forb
Intercept 0.6147** 5.878** 0.233** -0.349*
Mean TCap 1 0.272* 0.621*
TCap 3 0.715* 0.238** -0.270** -0.100*
TCap5 -0.937** 0.285** 0.503**
SATVI 1.0614**
Standard TCap1l -0.2147* -
Deviation TCap 2 -0.1466* -0.195** 0.216**
TCap 3 0.0983* 0.135*
TCap5 0.077*
SATVI -0.070*
Positional RelX 0.2397** -23.852**
RelY -64.671** -0.181** 0.169*
RelX * 77.117*
RelY
R? 0.531** 0.299** 0.306** 0.218**

* p-value between 0.05 and 0.01
** p-value less than 0.001

Cross validation run on the GLS model and theaggion kriging showed that in all
cases regression kriging led to better predictfonshe four rangeland attributes (Table 6). For
percent shrub cover, correlation between the calgbservations and the cross-validated RK
predictions was 0.7353 where the correlation ferdfoss-validated GLS predictions was 0.7018
(Figure 8). Calculated RMSE decreased from 3.63¢th#® GLS model to 3.42% for the RK
predictions. For percent bare ground cover, cradisiation correlations were 0.5800 and 0.6475
for the GLS and RK predictions, respectively (Fg9). The RMSE for bare ground cover went
from 6.78% for GLS to 6.35% for RK. Cross-validaticorrelations for percent cheatgrass cover
were 0.5092 and 0.5900 for the GLS and RK predistioespectively (Figure 10). Estimated
RMSE decreased from 6.87% for the GLS model priedistto 6.42% for the RK predictions.
Finally, for percent forb cover, cross-validatia@lations went from 0.2296for the GLS model
to 0.5707 for RK (Figure 11). The RMSE for forb eowas 3.96% for the GLS model versus
3.25% for the RK predictions.

Table 6. Cross-validation results for the generalizd-least-squares regression model (GLS) and the magsion
kriging model (RK) predictions of percent shrub, bae ground, and cheatgrass cover. R is the correlatn
between the predicted and observed values from theoss validation. RMSE is the root-mean-squared eor.

Model R RMSE
% Shrub Cover GLS 0.7018 3.63%
RK 0.7353 3.42%
% Bare Ground Cover GLS 0.5800 6.78%
RK 0.6475 6.35%
% Cheatgrass Cover GLS 0.5092 6.87%
RK 0.5900 6.42%
% Forb Cover GLS 0.2296 3.96%
RK 0.5707 3.25%
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Figure 8. Percent shrub cover with variance of preittion for the Wildhorse Allotment as predicted by
regression kriging from the July 11, 2008 Landsat M5 image and field observations.

Figure 9. Percent bare ground cover with variance foprediction for the Wildhorse Allotment as predicted by
regression kriging from the July 11, 2008 Landsat W5 image and field observations.
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Figure 10. Percent annual grass (i.e., cheatgrass)ver with prediction variance for the Wildhorse Allotment
as predicted by regression kriging from the July 112008 Landsat TM5 image and field observations.

Figure 11. Percent forb cover with variance of pretttion for the Wildhorse Allotment as predicted by
regression kriging from the July 11, 2008 Landsat W5 image and field observations.
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Discussion

Several factors influenced the accuracy of theltesti the Wildhorse Allotment vegetation
mapping. For applications of this mapping approawetr larger areas or for management
planning or decision-making that are likely to rieeea high degree of scrutiny, addressing each
of these factors will ensure that the highest quadisults are achieved.

The ability of OBIA to define objects that refladifferences in vegetation on the ground that are
significant to managers is partly a function of tiagive resolution of the imagery used. Karl and
Maurer {n review) found that higher-resolution imagery gave higield-to-image correlations
with OBIA because the boundaries of landscape patarere better preserved. Merging high-
resolution aerial photography with Landsat imadeag shown some promise for OBIA (E.
Strand, University of Idahg@ersonal communicatignHowever, due to fires in the Wildhorse
Allotment subsequent to when the 2004 and 2006 NodIBr aerial photographs were acquired,
no high-resolution imagery was available for thérenVildhorse Allotment that was consistent
with the field data collected. The scheduled NAtguasition of high-resolution color imagery
for Idaho during the summer of 2009 may provideva-tost opportunity to create a high spatial
and spectral resolution image that is consisteat targe landscapes.

The field data used in this case study had seissaés which limited the accuracy of the
vegetation mapping products. First, there wasgeimegal, a lower correlation between the field
and image data than was observed at any of the bdmelscape Toolbox case studies. Percent
cover estimates for each of the Wildhorse fieldssivere derived from the line-point intercept
(LP1) samples taken at each site. The limited nurob&PI| samples taken may have led to
estimates of percent cover that were not repreSeataf the site as captured by the image
objects. Ocular estimates of percent cover shoelchbre representative of the larger site around
the sample point. However, there was very low dati@ between the ocular estimates of
percent cover and those derived from the LPI daiethermore, correlations between the ocular
estimates and the Landsat image data were prdgtieailexistent. Second, field sampling did

not cover all of the possible land cover classes®eifull range of percent cover of the four
continuous variables. Because the objective ofidi@ sampling was other than vegetation
mapping, this is to be expected. However, accushcyapping products improves as the full
range of conditions is sampled. Finally, the plaeetrof the sample points was done irrespective
of the image object boundaries and many samplegtet along object boundaries. Again, this
is to be expected since the bulk of the samplirgioed prior to the initiation of this study.
However, sampling across image object boundariesnfkate the within-object variance of the
field samples and ultimately reduces the corretatietween field and image data. Ideally,
samples should placed in such a manner that thay entirely within an image object.

The RK technique employed for mapping the rangetamtlition attributed requires several
considerations with regard to how field data aréected. Sufficient samples must be collected
to estimate the variable’s spatial autocorrelatidth a variogram model. A general rule of
thumb used among geostatisticians is that a minimub®0 sample points is needed to
construct a reliable variogram model (Webster e1991). In addition to the number of points,
the distribution of the points in the study areals important. Because variance of the
regression-kriged predictor increases away fromnimimcations, one would ideally want good

-19 -



coverage of sample points across the study areaet, regular point spacing prevents
estimation of spatial autocorrelation at lag diseshorter than the distance between
observation points, so it is also desirable to lsmae points located close to each other in order
to characterize short-range spatial autocorrelatiark (2002), through simulation studies,

found that the nature of the spatial autocorretatibthe variable being mapped influenced the
optimal configuration of sample points for estimgtthe variogram. Variables showing spatial
dependence over long ranges can be sampled eélycwiith regularly-spaced sampling
schemes. Variables exhibiting short-range spagépkddence are best sampled by scattered
clusters of points. In the case where there ia paori knowledge on the nature of the spatial
dependence of a variable, sampling along lineaistrets was deemed the most efficient for
estimating spatial dependence from the field oletens. Webster and Oliver (2007) advocated
that when data are to be collected to estimateadpkependence of a variable, a multi-stage or
nested hierarchical sampling design that produabstabution of sample locations that have a
variety of distances between points (i.e., sonessite close together, some are far apart) would
be efficient at collecting data to estimate senriarece.

Unlike other scenario analysis studies that hategited to directly classify all of the states
contained in their S/T models, we opted to mapctiraponents of rangeland vegetation
communities separately and use the different laigedecide which image objects belonged in
which model state. There are several implicatidriis decision. First, this approach allows us
to independently assess the accuracy of each thdiviayer. As we have seen with the
Wildhorse area, some layers are more accuratedtinns. This “separate components”
approach allows the best layers to get used (anpg@phications outside of the case study) while
the poorer layers can be switched out for moreratewnes when they become available.
Additionally, the polygon-based OBIA approach cesah spatial data product that is easy and
intuitive to correct and update. One drawback & theparate components” approach, however,
is that it is difficult to assess the accuracy @iposite layers that are the product of several
different layers merged together. For example, evtiie accuracy of each component layer is
known, the accuracy of the combination of all a¥gé layers to determine which state in the S/T
models a site belongs to is not straightforwardgsess.

Conclusion

The methods and results presented here illusteate®BIA and RK can be used to produce
spatial data layers that are suitable for a rarigeamagement purposes. The main advantage of
the OBIA approach is that it strengthens corretatibetween field and image data. Minor
modifications to how field data are collected tdtéefit with OBIA can lead to more accurate
map products. One advantage of RK is that make$hetter use of expensive field data than
standard regression methods and produces out@itarthdirectly useable in a number of
contexts. For example, maps of percent shrub comad be useful in assessing quality of sage
grouse habitat. Another advantage of RK is thattamty can be quantified in a spatial context
and maps of confidence intervals created. Thisnatlonly aid in making more robust
management decisions, but will also help if theiltssof an analysis are contested.

Data Access and Use
The data layers developed for this case study\aiahle for download from the LT Data
Center website littp://data.landscapetoolbox.@r@r by contacting:
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Jason Karl, Ph.D. — Spatial Ecologist
Idaho Chapter of The Nature Conservancy
950 W. Bannock St, Suite 210

Boise, ID 83702

517-579-7173

karl@tnc.org

The data layers described in this report were dpezl for the Wildhorse case study. Their
appropriateness for other applications should healty evaluated on a case-by-case basis.
These data layers are distributed free of chardecan be modified as needed by the user
provided that the Idaho TNC staff listed aboverastfied of any updates or corrections. The
data products created for this case study mayaoedistributed to other parties; instead, users
should be referred to the LT Data Center site taiolthe data. This report constitutes the full
documentation of the methods used and accuracgsasseat of these data and as such should
always accompany any of the case study datasetesw derivatives thereof. Finally, while we
have attempted to create high-quality data prodactsadequately characterize their accuracy,
myriad factors can influence the overall accuraicthese data or their accuracy at any specific
location. Accordingly, TNC makes no warranty ashte accuracy or completeness of the
datasets described by this report, and users asailinek in their application.
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