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a  b  s  t  r  a  c  t

Sagebrush  ecosystems  in North  America  have  experienced  extensive  degradation  since European  settle-
ment. Further  degradation  continues  from  exotic  invasive  plants,  altered  fire  frequency,  intensive  grazing
practices, oil  and  gas  development,  and  climate  change  – adding  urgency  to the  need  for  ecosystem-wide
understanding.  Remote  sensing  is often  identified  as a key  information  source  to  facilitate  ecosystem-
wide  characterization,  monitoring,  and  analysis;  however,  approaches  that characterize  sagebrush  with
sufficient and  accurate  local  detail  across  large  enough  areas  to  support  this  paradigm  are  unavailable.
We  describe  the  development  of  a new  remote  sensing  sagebrush  characterization  approach  for  the  state
of Wyoming,  U.S.A.  This  approach  integrates  2.4  m  QuickBird,  30  m Landsat  TM,  and  56  m  AWiFS  imagery
into  the  characterization  of  four primary  continuous  field  components  including  percent bare  ground,
percent  herbaceous  cover,  percent  litter,  and  percent  shrub,  and  four secondary  components  includ-
ing percent  sagebrush  (Artemisia  spp.),  percent  big  sagebrush  (Artemisia  tridentata),  percent  Wyoming
sagebrush  (Artemisia  tridentata  Wyomingensis), and  shrub  height  using  a  regression  tree.  According  to
an independent  accuracy  assessment,  primary  component  root  mean  square  error  (RMSE)  values  ranged
from  4.90  to  10.16  for 2.4 m  QuickBird,  6.01  to  15.54  for 30  m  Landsat,  and  6.97  to  16.14  for  56  m  AWiFS.
Shrub  and  herbaceous  components  outperformed  the  current  data  standard  called  LANDFIRE,  with  a
shrub RMSE  value  of 6.04  versus  12.64  and  a herbaceous  component  RMSE  value  of 12.89  versus  14.63.
This  approach  offers  new  advancements  in  sagebrush  characterization  from  remote  sensing and provides
a foundation  to  quantitatively  monitor  these  components  into  the future.

© 2011  Published  by  Elsevier  B.V.

1. Introduction

Sagebrush (Artemisia spp.), the most common semiarid vegeta-
tion type in North America, once ranged across roughly 63 million
hectare in the western United States and Canada, but today it is
among the most threatened ecosystems in North America (Knick
et al., 2003) and is undergoing further fragmentation and degrada-
tion (Connelly et al., 2004; Schroeder et al., 2004). The expansion
of exotic plant species, altered fire frequency, intensive grazing
practices, increased oil and gas development, climate change, and
other factors continue to impact sagebrush ecosystems (Aldridge
et al., 2008; Connelly et al., 2004; Knick et al., 2003). Coordi-
nated ecosystem-wide analysis, integrated with monitoring and
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management activities, is needed to better maintain and under-
stand the ecology and functioning of sagebrush ecosystems
(Hemstrom et al., 2002), of which remote sensing could play a criti-
cal role (Booth and Tueller, 2003; Hunt Jr et al., 2003; Tueller, 1989;
Washington-Allen et al., 2006).

However, semiarid shrublands such as those containing
sagebrush are difficult remote sensing environments, with discrim-
ination made difficult by sparse and similar vegetation (Graetz
et al., 1988; Laliberte et al., 2007), which is often spectrally con-
founded by high proportions of bare ground, soil color, topography,
and non-photosynthetic vegetation that all interfere with success-
ful interpretation (Huang et al., 2010). Hence, although the need
for improved remote sensing accuracy and detail in shrublands
has been recognized (Tueller, 1989), much progress remains to be
made (Forbis et al., 2007; Knick et al., 2003; Washington-Allen et al.,
2006).

Historically, optical satellite remote sensing has been used
to characterize either general land cover classes of sagebrush

0303-2434/$ – see front matter. © 2011 Published by Elsevier B.V.
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Fig. 1. Extent of landscapes targeted for development of component models for the state of Wyoming (brown). White areas represent areas excluded from analysis. Red
lines  indicate Landsat path/row boundaries, and green squares represent numbered QB collection sites used for training both Landsat and AWiFS imagery. AWiFS imagery
covered the complete extent of the state. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)

over large areas (Scott et al., 1996) or small spatial areas with
more class and structural detail (Homer et al., 1993; Knick et al.,
1997; Ramsey et al., 2004; Sivanpillai and Booth, 2008; Sivanpillai
et al., 2009). However, for successful ecosystem-wide analysis and
management, new products are needed that offer more detailed
information over much larger areas and are also capable of sup-
porting monitoring. Only one large U.S. national effort to date, the
Landscape Fire and Resource Management Planning Tools Project
(LANDFIRE), has attempted a more detailed sagebrush character-
ization over large areas (Rollins, 2009). Results may  be adequate
for intended National planning applications but are inadequate
for other desired wildlife, range management, and climate change
applications.

Optical remote sensing is the only current data source capa-
ble of cost-effectively producing ecosystem-wide products. Hence,
our research seeks to further develop optical remote sensing char-
acterization of sagebrush lands over areas large enough to provide
ecosystem analysis, but with enough detail to support local adap-
tive resource management and change monitoring. We  concluded
this goal was best accomplished by the classification of a series
of multiple continuous field components (four primary and four
secondary components) at three spatial scales. Consequently, our
research focused on deriving a method to propagate high quality
field-based sampling through multiple scales of imagery in order
to improve large regional component-based classifications. Steps
included (1) integrating the collection of ground-measured plot
data coincident with the acquisition of 2.4 m resolution imagery;
(2) predicting ground-measured plot data across 2.4 m images for
extrapolation on coarser imagery; (3) acquiring multiple seasons
of imagery at two additional spatial scales (30 m and 56 m)  for
large area characterization; (4) using regression tree technology
for prediction; and (5) performing rigorous accuracy assessment of
component predictions.

2. Study area

Wyoming is a large, sparsely populated state in the western
United States with an area of over 253,000 km2. It contains large
tracts of contiguous sagebrush lands, with an estimated 24% of all
sagebrush within the U.S. Intermountain region (Connelly et al.,

2004) (Fig. 1). Topographic position and exposure combined with
elevation (ranging from 969 m to 4207 m)  are the major determi-
nants of plant distribution patterns (Knight, 1994).

Our research focused on elevations below 2377 m,  on areas
dominated by sagebrush shrubland intermingled with salt desert
shrubland and grassland containing a wide variety of species. Sage-
brush species include both taller and shorter growth forms, but all
display a characteristic gray appearance, have relatively low chloro-
phyll concentrations, and typically retain their leaves year-round.
Big sagebrush (Artemisia tridentata)  is by far the most abundant
sagebrush in Wyoming, other common species include black sage-
brush (A. nova), silver sagebrush (A. cana), and low sagebrush (A.
arbuscula) (Knight, 1994).

3. Materials and methods

We  developed methods to integrate 2.4 m QuickBird (QB)
imagery, 30 m Landsat Thematic Mapper (TM) imagery, 56 m Indian
Remote Sensing Satellite Advanced Wide-Field Sensor (AWiFS)
imagery, and extensive ground sampling to develop continuous
field predictions with a regression tree (RT) (e.g., the percentage
of the cell or pixel covered by the class viewed from overhead)
for eight sagebrush ecosystem components (hereafter referred to
simply as components). These include four primary components
of percent bare ground, percent herbaceous cover (grass and forb),
percent shrub, and percent litter and four secondary components
nested within the shrub component of percent sagebrush (Artemisia
spp.), percent big sagebrush (A. tridentata,  representing three sub-
species), percent Wyoming sagebrush (A. tridentata wyomingensis),
and mean shrub height (centimeters). A summary of methodologi-
cal approaches is presented in Table 1, with details listed below by
project objective.

3.1. QB image preparation

A total of 30 QB images (64 km2 each) were selected to sup-
port and develop regression tree predictions for nine Landsat TM
path/rows and one AWiFS path/row across Wyoming (Fig. 1). QB
images were specifically selected to span a reasonable range of
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Table  1
Summary of multiple scale model prediction procedures for Wyoming.

-QB 8 x8 km2 images  selected by
Landsat path/ row

-Image ry segment ed to identify patc hes 
for  fi eld sampling

-Image ry clustered into 30 classes   and 
the n intersected with segment patc hes

-Potential field sampling  plots iden tifie d

Quic kBird  Image Pr epara tion

Field Sampling Protocol
-Limited  to public land  within 1km 

of ro ad
-Two  30m t ransects with 14 total 1-m2

quadrats locat ed in Q B segments
-All eight compone nts a re  measured on 

the  ground
-Coincides with  QB imag e colle ction

QuickBird Image Predictions
-Eight diff erent compon ents are pred ict ed 

using regres sion trees
-Predictions  are develo ped using ~60 field 

plots for each QB imag e
-Predictions are made using all 4  multi-

spectral bands and 3  additiona l indices
-Predictions are u sed  to  train Landsat and
AWiFS pred ictions

Landsat P redictions
-Eight  different compo nen ts are pred icted 

usin g reg ression  trees  and ~40  in put v ariables
-Predictio ns are t rained u sing  4-8 Q B 

images f or each  Landsat  pat h/row
-Predictio ns are  made  using  abou t 40 input

layers in cluding multiple  dates o f imagery,
differencing  ratios a nd elevation deriva tives

-Independent  accuracy assessment  is performed

AWiFS P rediction s
-Eight  different compo nen ts are pred icted 

usin g reg ression  trees  and ~24  in put v ariables
-Predictio ns are t rained u sing  4-8 Q B 

images f or each  Landsat  pat h/row
-Predictio ns are  made  using  abou t 24 input

layers in cluding multiple  dates o f imagery,
differencing  ratios a nd elevation deriva tives

-Independent  accuracy assessment  is performed

Wyomi ng Pre dictions
-Nin e La ndsat  path/ rows are co mbined as t he 

primary stat e d ata set f or all 8  co mponents
-Res ampled AWiFS predictions from 56m to

30m serve  as t he  secondar y data set  when 
Lan dsat data are not av aila ble

-All pred iction s are masked t o allow occurrence
only in areas belo w 2377 meters, and within 
NLCD  ar eas of  shrub, g rass a nd b arr en

landscape diversity for each Landsat path/row. QB image location
criteria included (1) representative ecological and spectral charac-
teristics of the entire TM path/row, (2) adequate public land and
road access for sampling, (3) good spatial distribution on the TM
path/row, and (4) ability to represent multiple path/rows in over-
lap areas to facilitate edge-matching and optimize training data
utilization. QB images were collected and sampled over two years,
with 13 images completed in 2006 for three TM path/rows and 17
images completed in 2007 for six TM path/rows.

In order to identify homogeneous sites for potential field sam-
pling, we used Definiens eCognition2 software (Baatz et al., 2003)
to segment the QB imagery into image objects (Homer et al., 2009).
Each QB image was also per-pixel classified into 30 unsupervised
clusters using an isodata algorithm in Leica Geosystems ERDAS2

Imagine software using all four spectral bands; previous cluster-
ing trials had determined 30 clusters typically approximated the
degree of spectral discrimination sufficient for our approach. Seg-
mented polygons were then intersected with the 30 clusters to
identify the majority cluster class for each polygon and essentially
capture the full potential range of spectral variability across the
QB image for sampling selection. Typically, two sampling polygons
from each of the 30 cluster classes were selected for a mini-
mum  of ∼60 sample polygons per QB image. To optimize field
sampling while still capturing spectral and ecological diversity,
selected polygons were further identified based on the size of the
patch (>0.5 hectare), adjacency to roads (within 1 km), land owner-
ship access, and spatial distribution on the image (no clumping).
Ground sampling was completed as near to the QB acquisition
date as logistically possible. If the QB image was not acquired prior
to the scheduled field sampling, we applied selection procedures
using 2006 1 m National Agricultural Imagery Program (NAIP) data,
which were adequate for segmentation but inadequate for the mod-
eling and prediction methods which required QB.

2 The use of any trade, product or firm name is for descriptive purposes only and
does  not imply endorsement by the U.S. Government.

3.2. Field sampling protocols

Once polygons were selected within a QB image, we  sampled
vegetation characteristics using ocular estimation (Daubenmire,
1959; Knick et al., 1997; Mirik et al., 2007; Sant, 2005) at 14
1 m2 quadrats along two  30 m transects within each polygon plot
(Homer et al., 2009). This design facilitated quick measurement
(and future re-measurement) of component abundance. For each
of 14 quadrats, we  estimated cover from an overhead perspective
(satellite), with the total cover of all vegetation and soil components
summing to 100%. Shrubs and trees were identified to the species
level, except for sagebrush, which was measured at the subspecies
level. All other components within the quadrat were combined into
broad categories of herbaceous vegetation, litter, and bare ground.
Cover measurements for shrubs were primarily based on portions
of the canopy with live green vegetation. Cover measurements for
herbaceous vegetation consisted of all grasses (live and residual
standing) and forbs. Litter was  estimated as the combined cover
of dead standing woody vegetation and detached plant and animal
organic matter. Bare ground included any exposed soil or rocks. All
individual quadrat cover estimates were made in 5% increments.
We  estimated the height of each shrub or tree species by mea-
suring the height of the tallest green vegetation (excluding seed
stalks) for one representative plant within each quadrat. Because
sampling teams included multiple individuals, both initial train-
ing and subsequent quality assurance oversight was  instituted to
maintain sampling consistency.

For application to remotely sensed data, we defined each plot
as the polygon enclosed by connecting the start and end points
of both transects (∼0.06 ha in area, Fig. 2). We  calculated a mean
value for each of the eight components based on the average
of all 14 1 m2 quadrats within the plot. This mean value was
then assigned to all QB pixels occurring within the plot. Within
plot pixel spectral values were then evaluated, and pixels > ± one
standard deviation from the mean spectral value were removed
from training consideration as anomalous outliers. This resulted in
a more robust training data pool and increased model prediction
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Fig. 2. Overview of field collection and training protocol for all vegetation sampling in Wyoming during 2006–2007. RT component models at all scales were ultimately
extrapolated from 1 m quadrat field measurements.

accuracy at the QB level. Additionally, for some small QB het-
erogeneous areas our larger transects were not appropriate, and
supplemental non-standardized micro-plots measured with fewer
sample frames over a condensed area were used to better capture
the full range of component conditions. Sample plots where spec-
tral values were contaminated by clouds or cloud shadows were
also removed from the QB model training dataset.

3.3. QB image predictions

We  modeled eight components from QB images using a regres-
sion tree algorithm called Cubist3 (Quinlan, 1993). Typically, all four
2.4 m spectral bands (Band 1 visible blue, 0.45–0.52 �m;  Band 2
visible green, 0.52–0.60 �m;  Band 3 visible red, 0.63–0.69 �m;  and
Band 4 near infrared, 0.76–0.90 �m)  were used directly, with an
additional three bands of ratio indices targeted for capturing Green
NDVI (Band 4 − Band 2)/(Band 4 + Band 2), Moisture (Band 4 − Band
1)/(Band 4 + Band 1), and Leaf Area (Band 4)/(Band 3 + Band 2) for
a total of seven spectral inputs. We  developed training inputs for
each component using the average component value, calculated
from the aggregated quadrat measurements, within each sam-
ple plot (excluding outliers) within each QB image (typically 60
sample plots, Fig. 2). Sub-shrub secondary components were
restricted to occur only in shrub areas by post-modeling mask-
ing with the shrub component. Predictions of the per-pixel percent

3 The use of any trade, product or firm name is for descriptive purposes only and
does  not imply endorsement by the U.S. Government.

cover for seven components as a continuous variable from 0 to 100%
and shrub height (cm) were then spatially extrapolated for all pixels
in each QB image.

3.4. Landsat imagery predictions

We modeled eight components using Landsat TM multi-season
imagery across nine path/rows. For each component, we averaged
predictions for all of the QB 2.4 m pixel values within a 30 m TM
cell to create a mean rescaled value for training (Fig. 2). We then
filtered 30 m cell training data by summing the four independently
modeled primary components (bare ground, shrub, herbaceous,
and litter) and removing cells that failed the target summation
threshold of >90% or <110% judging them inadequate for train-
ing application. Thirty QB images were used to train the nine TM
path/rows (Fig. 1) ranging from 4 to 8 QB images for each TM
path/row.

To ensure adequate data availability across the state, in some
cases we combined both 2006 and 2007 training and image infor-
mation. An evaluation to compare cross-year phenology issues for
path/row 37/31 indicated combining training data from both years
increased RMSE error an average of 0.28 for more invariant com-
ponents (shrub and sagebrush cover) and 1.3 for more variant
components (bare ground and herbaceous cover). We  felt this was
acceptable and QB predictions from both years were combined to
build training data for Landsat modeling. Further, precipitation was
similar for both years, suggesting similar plant growth in both years
(Wyoming State Climate Office, 2010). Approximately 40 input
data layers based on multiple image dates, image band ratios, ratio
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Table  2
Component prediction data input by sensor. This represents the total data made
available to the regression tree for prediction.a

Landsat based predictions AWiFS based predictions

Imagery, original bands Imagery, original bands
Landsat TM,  Band 1, spring, summer
and fall dates

AWiFS, Band 1, spring and
fall dates

Landsat TM,  Band 2, spring, summer
and fall dates

AWiFS, Band 2, spring and
fall dates

Landsat TM,  Band 3, spring, summer
and fall dates

AWiFS, Band 3, spring and
fall dates

Landsat TM,  Band 4, spring, summer
and fall dates

AWiFS, Band 4, spring and
fall dates

Landsat TM,  Band 5, spring, summer
and fall dates

Three Ratio Index Band 1,
spring and fall dates

Landsat TM,  Band 7, spring, summer
and fall dates

Three Ratio Index Band 2,
spring and fall dates

Three Ratio Index, Band 1, spring,
summer and fall dates

Three Ratio Index Band 3,
spring and fall dates

Three Ratio Index, Band 2, spring,
summer and fall dates

Ratio Differences Index, Band
1,  spring and fall

Three Ratio Index, Band 3, spring,
summer and fall dates

Ratio Differences Index, Band
2,  spring and fall

Ratio Differences Index, Band 1,
spring, summer and fall

Ratio Differences Index, Band
3,  spring and fall

Ratio Differences Index, Band 2,
spring, summer and fall

Ancillary data

Ratio Differences Index, Band 3,
spring, summer and fall

Aspect, 9 Direction

Ancillary data Elevation, Thematic classes
Aspect, 9 Direction Slope Position Index
Elevation, Thematic classes Slope, Degrees
Slope Position Index
Slope, Degrees

a Landsat ratios found to be most effective included Green NDVI (Band 4 − Band
2)/(Band 4 + Band 2), Moisture Index (Band 4 − Band 5)/(Band 4 + Band 5), and a
Specific Leaf Area Index (Band 4)/(Band 3 + Band 7). AWiFS ratios included Green
NDVI (Band 3 − Band 1)/(Band 3 + Band 1), Moisture Index (Band 3 − Band 4)/(Band
3  + Band 4), and a Specific Leaf Area Index (Band 3)/(Band 2 + Band 4). The ratio
differences index for both sensors was calculated by differencing ratio derivatives
between paired seasonal dates. Ancillary data were derived from the 30 m National
Elevation Dataset.

differences between image dates, and 30 m ancillary topographic
data derived from the National Elevation Dataset were used to build
RT model predictions (Table 2). Three TM dates for each path/row
were selected to represent early, middle, and late growing sea-
son conditions. All Landsat images were standardized to at-satellite
reflectance before their use in the RT (Chander et al., 2009).

We created training data proportions to weight the RT to better
address the full range of training data. We  divided training data for
each of the eight component predictions into three roughly equal
bins based on the mean and original RMSE of training data values
derived from cross-validation. Values less than the mean minus
RMSE were grouped into a low bin, values greater than the mean
plus RMSE were grouped into a high bin, and the remaining values
were considered the middle bin. This approach ensured that higher
and lower component predictions carried more equal weighting in
model development and reduced overall bias (Wylie et al., 2008).
We extrapolated predictions for all seven cover components from
0 to 100% and shrub height across all Landsat pixels by path/row (a
total of 72 separate regression tree models). Sub-shrub secondary
components were restricted to occur in shrub-only areas by post-
modeling masking with the shrub component. Landsat individual
scene results were edge-matched into a single mosaicked product
by manually following land features and masked areas to create
the smoothest possible transition between individual predictions.
Localized remodeling of data across edge-matching boundaries was
required in two small instances where the predictions were very
different and required targeted models to resolve these differences.

3.5. AWiFS imagery predictions

We modeled all eight components using two seasons of AWiFS
imagery across the state of Wyoming. Four separate dates in June
were required to complete a 2006 June cloud-free mosaic for the
state, with September requiring only one AWiFS date. No statewide
cloud-free July image was available, so this date was  eliminated
from model development. Because of the large spatial area a sin-
gle AWiFS scene covers, only a single scene from each season was
required for the base image. Subsequently, we  determined that the
images available in standard digital number format did not need
to be corrected to at-satellite reflectance. We  used component pre-
dictions from the QB images and rescaled them from 2.4 m cells to
56 m cells for AWiFS to provide training data for the model predic-
tions. All 30 QB images were used to train the AWiFS predictions.
QB training data were manipulated similar to the Landsat method
above. The combination of input layers used to derive model results
(approximately 21 input layers for AWiFS predictions) is repre-
sented in Table 2. These input layers represent the total data made
available to the RT for data mining to build model predictions for
each component. Prediction, extrapolation, and accuracy assess-
ment protocols follow the Landsat methods.

3.6. Model evaluation

Component models were evaluated in four different ways
including cross-validation, independent accuracy assessment,
summation testing, and LANDFIRE product comparison. Initial
model evaluation was  performed using a 10-fold cross-validation
from the Cubist RT. Accuracy estimates were derived by using each
subset to evaluate the classification developed using the remaining
training samples, and their average value represents the accuracy
of the classification developed using all reference samples.

An accuracy assessment was performed for the 17 QB images
collected and sampled in 2007, using 12–15 extra plots collected
from each image for independent evaluation of QB model predic-
tions. Evaluation plots were selected from all sampled plots by
targeting spectral categories (30 per image) that contained excess
plots beyond the two required for model training. For Landsat and
AWiFS accuracy assessment, we used independent plot samples
collected across all TM path/rows during both years. To optimize
field crew access, sample locations for component assessment were
restricted to landscapes below 2377 m in elevation, on public land,
within 1 km of a mapped road or trail, and within the extent of
the lumped shrub, grass, and barren classes in the U.S. National
Land Cover Database (NLCD 2001) (Homer et al., 2007). Indepen-
dent plot selection for 2007 included initial landscape stratification
using a random selection of 5 km circles, located across three
site potential strata (high, medium, and low), (Wylie and Rover,
2008) that spanned potential sagebrush ecosystem situations from
barren land to denser shrublands. Once initial selection was  com-
plete, a second stage random sample of eight plot locations was
placed within the 5 km circle, stratified across the same site poten-
tial classes. Both 2006 and 2007 independent plot samples were
combined for this assessment. Plot sampling for both years was
completed using the same field protocols used for training plot
collection. In order to provide an additional means of component
comparison, NDVI was  calculated for each sensor from the leaf-
on date and regressed against independent plots to illustrate the
typical photosynthetic signal available for component prediction.

Independent accuracy assessment results are reported using the
coefficient of determination (R2), the RMSE, the normalized root
mean square error (NRMSE), and a linear weighted Kappa. RMSE
represents an absolute measure of model fit and is in the same
unit as the modeled variable (Xu et al., 2005). NRMSE is dimen-
sionless and is calculated by dividing the RMSE by the range of
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Fig. 3. Wyoming statewide predictions for bare ground and shrub from combined Landsat and AWiFS predictions. AWiFS predictions were resampled to Landsat scale (30 m)
and  inserted in small portions of the state not covered by the Landsat path/rows displayed in Fig. 1.

observed values to allow comparisons among different RMSE cal-
culations and is typically expressed as a percentage. Kappa statistics
were calculated for primary components using the linear weighting
approach (designed for ordinal categories) to help understand error
distribution within component predictions. Categories for kappa
calculation were formed by grouping bare ground and herbaceous
components into 10 intervals of 10% each, and litter and shrub into
10 intervals of 5% each. Litter and shrub had smaller data ranges
and required 5% intervals to approximately match the number
of categories created for bare ground and herbaceousness. Cross-
validation and NDVI accuracy assessment results are reported using
only the coefficient of determination.

An additional measure of model robustness was determined
by the summation of the four primary cover components, which
though created independently should ideally sum to 100% in pure
rangeland areas. In order to have only pure rangeland cells eval-
uated, NLCD tree canopy and land cover products were used to
identify and mask out potential partial rangeland pixels that con-
tained trees or other non-rangeland content such as agriculture.

The final test of model robustness compared the results of our
shrub and herbaceous component predictions to published LAND-
FIRE data shrub and herbaceous pixel predictions (circa 2001). The
median value from the discrete 10% interval class bins for both
LANDFIRE shrub and herbaceous predictions were used for com-
parison.

4. Results

4.1. Component predictions

A total of 2304 field plots were sampled during the summers
of 2006 and 2007 across Wyoming. Of these, 1780 were used for
modeling 240 component predictions across 30 QB images, 227
were withheld from model development to test subsequent QB
predictions, and 297 plots were specifically sampled for model val-
idation of the Landsat and AWiFS predictions. Using field plots, we
modeled predictions for eight components for 30 2.4 m QB 64 km2

image extents (overall 240 RT models), for 30 m Landsat across
nine path/row extents (overall 72 RT models), and for 56 m AWiFS
across all of Wyoming (overall 8 RT models) (Fig. 1). AWiFS predic-
tions were used to supplement areas outside of modeled Landsat
predictions to complete an entire state coverage (Fig. 3).

Component product distributions reveal bare ground with the
broadest overall range and most even distribution, followed by
herbaceousness and litter, which both still exhibit fairly wide
ranges and distributions, especially compared to shrub (Fig. 4).

Fig. 4. Primary, secondary, and shrub height component histogram distributions for
Wyoming-wide 30 m predictions.



Author's personal copy

C.G. Homer et al. / International Journal of Applied Earth Observation and Geoinformation 14 (2012) 233–244 239

Fig. 5. Scatterplots representing the correlation between field measurements and Landsat predictions for all four primary components across Wyoming. These are based on
the  297 independent field samples used for validation.

Shrub and corresponding secondary components exhibit a much
more compressed range and uneven distribution, with Wyoming
sagebrush having the most limited range.

4.2. Cross-validation and independent accuracy assessment

QB prediction accuracy varied by component and QB image.
Overall, model cross-validation resulted in an average R2 value
across all components of 0.71, with values ranging from 0.65 for
Wyoming sagebrush to 0.78 for bare ground. Independent val-
idation results derived from the 227 field plots withheld from
modeling resulted in an average R2 value across all components
of 0.51, with R2 values ranging from 0.38 for Wyoming sagebrush
to 0.71 for bare ground; all correlations were significant at P < 0.01.
By contrast, regression of QB NDVI against field plots averaged an
R2 value of 0.18. Based on the independent evaluation, RMSE val-
ues averaged 6.52 and ranged from 4.76 for sagebrush to 10.16 for
bare ground (Table 3). NRMSE values across primary component
QB predictions averaged 13% (Table 3).

Landsat and AWiFS prediction accuracy varied by individual
component and image path/row, and were typically more vari-
able then QB results. Landsat model cross-validation resulted in
an overall average R2 value across all components of 0.80, with
values ranging from 0.73 for shrub to 0.87 for bare ground. Inde-
pendent Landsat validation results derived from 297 independently
sampled field plots resulted in an average R2 value across all com-
ponents of 0.26, with R2 values ranging from 0.14 for herbaceous
to 0.46 for bare ground with all correlations significant at P ≤ 0.01
(Fig. 5). By contrast, regression of Landsat NDVI against field plots
averaged an R2 value of 0.09. Based on the independent evalua-
tion, RMSE values overall averaged 8.97 and ranged from 5.46 for
sagebrush to 15.54 for bare ground. NRMSE values for Landsat pri-
mary predictions averaged 16, three higher than QB.

AWiFS component prediction accuracy was more variable than
either Landsat or QB (Table 3). AWiFS initial model cross-validation
resulted in an average R2 value across all components of 0.65, with

values ranging from 0.52 for shrub to 0.81 for bare ground. Inde-
pendent AWiFS validation resulted in an average R2 value across all
components of 0.15, with R2 values ranging from 0.08 for Wyoming
sagebrush to 0.31 for bare ground with all correlations significant
at P ≤ 0.01 (Table 3). Regression of AWiFS NDVI against field plots
averaged an R2 value of 0.05. Based on the independent evalua-
tion, RMSE values overall averaged 9.23 and ranged from 6.11 for
sagebrush to 16.14 for bare ground. NRMSE values for the AWiFS
primary predictions averaged 18, two higher than Landsat (Table 3).

Kappa values generated for the four primary statewide Land-
sat/AWiFS components after they were categorized ranged from a
high of 0.38 for bare ground to a low of 0.14 for herbaceousness
(Table 4). Bare ground had the widest range with values between
10 and 100%, herbaceous values had the next widest range with val-
ues between 10 and 80%, and shrub and litter values were between
5 and 40% (Fig. 6).

4.3. Summation and LANDFIRE comparison

The four primary component predictions (bare ground, herba-
ceousness, litter, and shrub) were summed for Landsat and AWiFS
cells in range only areas. Landsat predictions had 9% of the cells
summing to exactly 100%, 73% of cells summing between 95 and
105%, and 93% of cells summing between 90 and 110%. When
summed for the entire state, including Landsat and AWiFS pre-
diction areas, 8% of the cells summed to exactly 100%, 70% of the
cells summed between 95 and 105%, and 92% of the cells summed
between 90 and 110% (Fig. 7).

When comparing our independent accuracy assessment plots to
LANDFIRE predictions, we  found that our sagebrush components
outperformed LANDFIRE predictions. The shrub component RMSE
value was 6.04 versus 12.64 for LANDFIRE, and the herbaceous com-
ponent RMSE value was  12.89 versus 14.63 for LANDFIRE (Table 5).
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Table 3
Statewide model cross-validation and accuracy assessment results for seven cover components and one height component by sensor. Root mean square error (RMSE) values
are  in the units of model prediction (percent or height). Normalized root mean square error (NRMSE) values are expressed in percent of the total value range. NDVI results
are  derived from using a single date leaf-on image.

Sensor Modeled variable Model cross-validation Independent validation plots

Mean – R2 N R2 RMSE NRMSE NDVI R2

QuickBird Bare Ground (%) 0.78 229 0.71 10.16 0.11 0.47
QuickBird Herbaceous (%) 0.74 229 0.42 6.60 0.11 0.19
QuickBird Litter (%) 0.67 229 0.57 7.93 0.11 0.27
QuickBird Shrub (%) 0.68 229 0.53 4.90 0.13 0.14
QuickBird Sagebrush (%) 0.71 229 0.52 4.76 0.14 0.06
QuickBird Big sagebrush (%) 0.70 229 0.44 4.99 0.15 0.05
QuickBird Wyomingensis (%) 0.65 213 0.38 4.90 0.14 0.001
QuickBird Shrub height (cm) 0.76 229 0.53 7.95 0.11 0.24
QuickBird Mean 0.71 227 0.51 6.52 0.13 0.18

Landsat Bare Ground (%) 0.87 297 0.46 15.54 0.16 0.23
Landsat Herbaceous (%) 0.79 297 0.14 12.96 0.17 0.14
Landsat Litter (%) 0.83 297 0.22 9.34 0.16 0.20
Landsat Shrub (%) 0.76 297 0.28 6.01 0.15 0.01
Landsat Sagebrush (%) 0.81 297 0.33 5.46 0.17 0.002
Landsat Big sagebrush (%) 0.81 297 0.31 5.63 0.17 0.000
Landsat Wyomingensis (%) 0.79 297 0.18 5.66 0.17 0.004
Landsat Shrub height (cm) 0.73 297 0.15 11.20 0.17 0.09
Landsat Mean 0.80 297 0.26 8.97 0.16 0.09

AWiFS  Bare Ground (%) 0.81 297 0.31 16.14 0.16 0.12
AWiFS  Herbaceous (%) 0.83 297 0.10 11.81 0.16 0.02
AWiFS  Litter (%) 0.66 297 0.18 9.67 0.16 0.08
AWiFS Shrub (%) 0.62 297 0.09 6.97 0.18 0.07
AWiFS  Sagebrush (%) 0.56 297 0.15 6.11 0.19 0.05
AWiFS Big sagebrush (%) 0.59 297 0.11 6.66 0.20 0.04
AWiFS  Wyomingensis (%) 0.64 297 0.08 6.28 0.19 0.01
AWiFS  Shrub height (cm) 0.52 297 0.18 10.18 0.16 0.04
AWiFS  Mean 0.65 297 0.15 9.23 0.18 0.05

Table 4
Kappa values for categorized interval comparison of the four primary component
predictions against independent validation plots.

Linear weighted
kappa

Standard
error

095 Confidence

Lower limit Upper limit

Bare ground 0.383 0.031 0.315 0.438
Herbaceous 0.140 0.048 0.047 0.233
Litter 0.288 0.035 0.220 0.357
Shrub 0.307 0.035 0.240 0.375

5. Discussion

Our results demonstrate the ability of RTs to successfully param-
eterize all three scales of imagery into nested continuous fields for
sagebrush rangelands, and further confirm the multi-spatial scal-
ing concept previously explored (Baccini et al., 2007; Laliberte et al.,
2007). However, our work took the concept one step further, pro-
ducing a RT pixel-based prediction at all scales of imagery, including
QB, to allow thematic nesting of all product scales. Our research
advancements have centered on using optical image and ancillary
input data in combination with extensive field data to develop

Table 5
Shrub and herbaceous component and LANDFIRE predictions compared to indepen-
dent validation plots. Cover predictions for LANDFIRE were reformatted from 10%
interval categorical classes into continuous fields for this comparison.

Product Component N R2 RMSE

Sagebrush Shrub (%) 300 0.28 6.04
LANDFIRE Shrub (%) 300 0.07 12.64
Difference <0.021> <6.60>

Sagebrush Herbaceous (%) 300 0.14 12.89
LANDFIRE Herbaceous (%) 300 0.07 14.63
Difference <0.07> <1.74>

component products that characterize a large area of sagebrush
lands while still providing the capacity for local detail and quanti-
tative monitoring.

5.1. Field and QB data

We ultimately field sampled over 32,000 individual 1 m2

quadrats across the state of Wyoming for component prediction.
Given the substantial component and sensor scale differences,
identifying an optimal sampling strategy is challenging (Atkinson
and Curran, 1995). However, in our experience field information
collected from these 1 m quadrats, and subsequently averaged
over 30 m transects, remained generally effective for training
the QB 2.4 m predictions. Sample site selection protocols using
QB segmentation helped to optimize field collection and provide
homogeneous sampling locations for QB classifications. Using QB
component predictions as “super plots” for coarser scale imagery
provided more abundant training data for RT model parameteriza-
tion than directly using field plots could have leveraged. However,
this field sampling approach was  occasionally inadequate for cap-
turing full component ranges at the QB scale, which necessitated
periodic micro-plot sampling on smaller heterogeneous QB patches
to measure extremes. Future transect design modifications that
give additional consideration to capturing more extreme high and
low component range measurements would likely improve QB RT
models.

Synergizing QB image collection and field sampling (n = 30) was
logistically very difficult and we achieved only varied success. Col-
lection differences spanned a range of 1–104 days (mean difference
of 39 days, with a standard deviation of 25 days). Larger differ-
ences between field sampling and image collection increased the
possibility of confounding effects from phenology differences,
especially with more dynamic herbaceous, litter, and bare ground
components. However, there was no regional cluster pattern
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Fig. 6. Accuracy assessment matrices for categorized interval results from comparison of the four primary component predictions against independent validation points.

observed with QB images within Landsat path/rows of either large
or small sampling delays (meaning every Landsat model usually
had some of each), which we assumed helped minimize some
potential confounding effects. Future exploration of the component
accuracy relationship caused by phenological differences between
collection times is still needed.

Fig. 7. The statewide summation of the four primary component predictions (bare
ground, herbaceousness, litter, and shrub) for Landsat and AWiFS cells in modeled
areas. Light tan areas are non-rangeland areas masked from modeling. Overall, 8%
of  the cells summed to exactly 100%, 70% of the cells summed between 95 and 105%,
and 92% of the cells summed between 90 and 110%.

5.2. Model performance

Representing and understanding overall model performance
over such a large area with so many independent models (72 at
the Landsat level alone) is a complex undertaking. Only validation
results averaged across many models are presented here, with fur-
ther analysis of localized results beyond the scope of this paper.
However, we report model performance using different statistical
measures and data comparison scenarios to help present a more
complete assessment and to encourage careful interpretation of
product accuracy by potential users.

Overall, examination of R2 values from correlation analysis
reveals variable results by component and sensor, with Landsat
having the highest mean R2 for cross validation (possibly due to
the more compressed range over QB) and QB by far the highest
values from the independent assessment (Table 3). Bare ground
was our best performing component prediction across all scales,
which is consistent with other rangeland assessments (Booth and
Tueller, 2003; Hunt Jr et al., 2003). Herbaceous component results
were modest at the QB scale, but were much poorer at the Land-
sat and AWiFS scale. One factor in this pattern may be the more
compressed ecological range of herbaceousness as the spatial scale
changed over QB (see Fig. 5 scatterplot). Poor results are also likely
the result of confounding phenological error introduced through
the QB prediction training or the impact of combining across year
(2006 and 2007) Landsat data for component generation. Secondary
shrub components of sagebrush and big sagebrush also had rela-
tively low R2 values at the Landsat and AWiFS level, with Wyoming
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sagebrush and shrub height exhibiting especially poor R2 values.
However, our big sagebrush results were similar to those reported
by Jakubauskas et al. (2001),  who used a RT with multitemporal
SPOT reflectance data in a Wyoming sagebrush environment in
Grand Teton National Park. However, they report higher R2 results
for bare ground (0.66) and shrub height (∼0.46), which is likely a
function of both higher spatial resolution imagery and more local-
ized models compared to our large-area estimates. Similarly, in
more localized Landsat model areas classified with this method we
experienced R2 results for bare ground at 0.73 and shrub height at
0.61 (Homer et al., 2009).

The universally low R2 values derived from comparison of
image NDVI to the independent assessment plots highlight the
low photosynthetic signal potentially available for classification
in a sagebrush environment (Huang et al., 2010; Langs, 2004;
Sivanpillai and Booth, 2008). Comparison of NDVI results with
component R2 values illustrates the substantial improvement our
modeling approach provides over a single model using NDVI alone.
It also suggests that discriminating shrub and sagebrush is in part
dependent upon other factors than photosynthetic signal, such as
canopy shadow – especially for shrub height (Colwell, 1981). The
substantial difference between cross-validation R2 values and those
from the independent assessment should also be noted. Although
cross-validation R2 values are typically optimistic, the larger than
expected difference suggests some of our RT models were still not
robust enough for the complexity of all unseen pixels, and model
parameterization could still be improved.

RMSE is potentially the single most useful metric for gauging our
product utility. Mean RMSE across all canopy components (exclud-
ing shrub height) averaged 6.32 for QB, 8.66 for Landsat, and 9.09
for AWiFS. Accuracies tended to be higher for components with
greater natural ranges in their continuous fields (Fig. 4). However,
the relatively small reduction in component accuracy from the
QB to the Landsat and AWiFS scales is encouraging, given greater
demands of extrapolating the models over a much larger spatial
extent with greater ecosystem variation and complexity. RMSE val-
ues varied substantially not only by sensor but also by location.
For example, across individual QB images RMSE values were both
remarkably low and disappointingly high. QB site 19, which had
simple topography and uniform vegetation, had RMSE values of
2.16% for sagebrush and 6.97% for bare ground, with an average
RMSE across canopy components (excluding shrub height) of 3.59%.
In contrast, complex topographic and vegetative QB site 30 had the
greatest RMSE values of 3.76% for sagebrush and 20.58% for bare
ground, with an average RMSE across all canopy components of
10.36%. Examination of the NRMSE values (Table 3) reveals that
components with a much broader data range (bare ground, herba-
ceous, litter, and shrub height) are performing slightly better than
components with compressed data ranges (shrub, sagebrush, big
sagebrush, and Wyoming sagebrush; Fig. 4). NRMSE values suggest
that big sagebrush is the poorest performing prediction, further
highlighting the challenge of characterizing sagebrush sub-species.

In order to better understand primary component error distri-
bution within each prediction, we categorized values to calculate
an error matrix and a linear kappa. Bare ground, shrub, and litter
kappa values showed fair agreement (0.38, 0.31, 0.29, respectively),
with the herbaceous kappa value showing only slight agreement at
0.14 (Table 4). The order of kappa agreement is identical to the
order of Landsat R2 values for primary components (Table 3). For
bare ground, the bulk of the values are distributed between 40 and
80%, with the vast majority of prediction error within 10–20% of
the target class, corresponding to the 15.54 RMSE value reported
for this component. Off diagonal bare ground values exhibit an
under-prediction bias in the matrix. Although the herbaceous val-
ues ranged from 10 to 80%, almost all values fell in the10–30% range,
creating a substantially compressed predictive data range, which

likely contributed to both the lower prediction success and lower
kappa value. Herbaceous values display a small over-prediction
bias in the matrix. Because of their smaller overall data ranges, both
shrub and litter were categorized in 5% intervals, with the majority
of shrub values ranging between 5 and 20% and litter between 5 and
30%. Both components displayed off diagonal error patterns that
would be expected from their RMSE values, with most shrub errors
one 5% category away (RMSE 6.01) and litter error typically within
two 5% categories (9.34 RMSE). Both components also displayed a
slight over-predictive bias in the matrix.

5.3. Other considerations

The general pattern of loss of accuracy as grain size of imagery
increases can be partly attributed to the Modifiable Areal Unit Prob-
lem (MAUP), (Jelinski and Wu,  1996) where aggregation can cause
different variance patterns in the data. In our case, the modeled
range of a given variable can become compressed as the spatial size
of the pixel increases. Because ecological features such as shrubs
have small canopies with wide spacing between individual plants,
the dynamic range of cover estimates for 2.4 m pixels can range
from 0 to 100%, whereas the dynamic range at 30 m cell size only
varies from 0 to ∼50%. Additional prediction complications also
come from resistance of regression trees to adequately model out-
liers, further reducing the dynamic range of predicted values. While
our approach of weighting training data to influence the RT to better
capture the full dynamic range of the predictions helped to over-
come some of the outlier issues, the influence of the MAUP  and
RT biases cannot be entirely overcome as scales change. Compo-
nent predictions tend to be most accurate in the middle ranges,
with lower accuracies at the extremes of measured values from the
field.

5.4. Summation analysis and LANDFIRE comparison

Our summation analysis of the four primary components
revealed 93% of all cells were within ±10% of the desired 100%
target. Under-prediction areas are dominant in mountain foothills,
which may contain some tree canopy cover, and in the east-
ern parts of the state, which has a much higher proportion of
grass than shrub. Over-prediction also commonly occurs in the
grass-dominated areas of eastern Wyoming, suggesting less model
accuracy as grass dominance increases. Some over-prediction arti-
facts are also evident in some Landsat scene overlap areas, which
were caused by summing unique edge-matching extents for each
component. This resulted in some cells containing component
predictions from two  different path/rows summed into a single
value (Fig. 6). However, when considering the potential individ-
ual RMSE contribution of each component, the potential for some
evaluated pixels to still contain non-range elements missed in our
masking, and the number of models required for our large area,
93% is a metric that seemed reasonable to us. Additionally, our
shrub and herbaceous component predictions represent significant
improvements over the only existing large-area product we  have
for comparison (LANDFIRE), which further demonstrates compo-
nent improvement. However, since LANDFIRE is circa 2001 and our
products are circa 2006, results should be interpreted with some
caution, as some landscape change in sampled areas over this five-
year interval is conceivable.

Overall, component prediction accuracy appears to have been
limited most by various spatial, spectral, and ancillary data discrim-
ination limitations which varied by sensor and location. In some
models this was  additionally complicated by the lack of training
data robustness over unsampled areas, suggesting that even with
our extensive field campaign some RT models would have further
benefited from better training. Wider component range sampling
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within QB areas, more careful spatial distribution of QB images on
Landsat path/rows for optimizing landscape representation (Yang
et al., 2003), and better matching of QB image collects and field
sampling are all likely areas of future improvement. Given our
extensive efforts to already involve multi-seasonal image sources
in our existing RT models, future accuracy gains seem unlikely
through incorporating additional image seasons; however, limit-
ing cross-year image pooling as we were forced to do would likely
reduce some error. Other new optical remote sensing sources with
additional new spectral bands may  also be helpful. Further accu-
racy improvement could likely be realized with improved ancillary
source data (e.g., higher resolution Digital Elevation Models) or
alternate remote sensing sources such as radar (Huang et al., 2010),
hyperspectral (Mundt et al., 2006), or lidar (Sankey and Bond, 2011)
that provide additional discrimination not available from tradi-
tional optical remote sensing.

Our approach of a prediction strategy with multiple spatial
scales based on continuous field components is new to sagebrush
characterization. We  assume this approach offers a more objective
way to assemble and re-measure ecosystem variables than tradi-
tional land cover mapping. Our underlying motivation for testing
this multi-scale characterization approach was  to design a moni-
toring framework that can realistically operate over large areas at
a cost that is sustainable (Booth and Tueller, 2003). In our case,
total potential characterization costs for the four combined pri-
mary components at our project economy of scale (in U.S. dollars)
are roughly $2.00 a hectare for QB, $0.025 (2.5 cents) a hectare for
Landsat, and $0.01 (one cent) a hectare for AWiFS. We  assume costs
for repeated measurement will be a fraction of the original char-
acterization cost if update methods target only changing patches
(Xian and Homer, 2010), keeping monitoring costs relatively low
for coarser scales of imagery.

6. Conclusions

Our approach produced four primary and four secondary con-
tinuous field sagebrush components nested at three spatial scales.
Methods centered on using a RT classification algorithm to make
component predictions from multiple image and ancillary input
layers parameterized with direct field data at the QB level, and
subsequently with QB predictions as field data for Landsat and
AWiFS predictions for all of Wyoming. Primary component accu-
racies included RMSE values ranging from 4.90 to 10.16 for 2.4 m
QuickBird, 6.01 to 15.54 for 30 m Landsat, and 6.97 to 16.14 for
56 m AWiFS. Secondary component accuracies included RMSE val-
ues ranging from 4.76 to 7.95 for 2.4 m QuickBird, 5.46 to 11.20
for 30 m Landsat, and 6.11 to 10.18 for 56 m AWiFS. Landsat and
AWiFS component products provide enough detail for local appli-
cation, span large enough areas for ecosystem analysis, and provide
a more quantitative framework for future monitoring. Research on
component applications analyzing current and historical vegeta-
tion change, climate variation, sage grouse habitat distribution, and
grazing trends are now in process and will be reported in subse-
quent papers.
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