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Remotely sensed imagery atmultiple spatial scales is used increasingly in conjunctionwith field data to estimate
rangeland indicators (e.g., vegetation cover) and meet the growing need for landscape-scale monitoring and as-
sessment of rangelands. Remote sensing studies that produce rangeland indicators often require intensive and
costly field-data collection efforts to produce accurate model predictions. Existing monitoring data, such as
those collected by the Bureau of Land Management’s Assessment, Inventory, and Monitoring (AIM) program,
are potentially useful sources of field data in remote sensing modeling studies. Given their data-hungry nature,
common regression tree−basedmodeling approachesmay be inadequate for reliably predicting rangeland indi-
cators with the smaller sample sizes of AIM data than typically used for remote sensing studies. Current literature
suggests that Bayesian models, such as Bayesian additive regression trees (BART), may provide a suitable alter-
native to traditional regression tree−based modeling approaches to overcome the sample size limitation of
the AIM data. In this study, we used 182 AIM field plots together with both high (RapidEye) and moderate
(Landsat OLI) spatial resolution satellite imagery to predict bare ground and bare soil, total foliar, herbaceous,
woody, and shrub cover indicators on rangelands in a 14 625-km2 area of northeastern California. We demon-
strate that a BART model performed similarly to other regression tree approaches when field data and high spa-
tial resolution imagery predictions were combined to predict indicator values using the medium spatial
resolution Landsat image. The BART models also provided spatially explicit uncertainty estimates, which allow
land managers to more carefully evaluate indicator predictions and to identify areas where future field data col-
lection might be most useful. This study demonstrates that existing field data and freely available, remotely
sensed imagery can be integrated to produce spatially explicit and continuous surface estimates of rangeland in-
dicators across entire landscapes.
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Introduction

Land managers and management agencies need information on the
condition of rangelands at multiple spatial scales1 (e.g., local adminis-
trative units to nationwide) to support adaptive management
(MacKinnon et al., 2011). National monitoring efforts, such as the
Bureau of Land Management’s (BLM) Assessment, Inventory, and
Monitoring (AIM) program, collect data on core rangeland indicators
at these multiple spatial scales to provide consistent information
about the condition of rangelands in the United States (Taylor et al.,
2014). These core rangeland indicators, collected with consistent
methods (Herrick et al., 2009), include fractional cover of bare ground
and plant species, canopy gap sizes, vegetation height, non-native inva-
sive species, and plant species of management concern (MacKinnon
et al., 2011). Together, these indicators provide a suite of monitoring
data critical for understanding the effects of disturbances occurring
across spatial scales and for a range of management concerns
(MacKinnon et al., 2011).

Collecting sufficient field data to provide information about
rangelands at all spatial scales1 and continuously across extensive geo-
graphic areas, however, is unfeasible due to logistical and budgetary
constraints. Where plot-based field data are insufficient to provide in-
formation for landscape-scale decision making, remote sensing is a
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promising supplemental information source (Booth and Tueller, 2003;
Hunt et al., 2003;MacKinnon et al., 2011; Karl et al., 2012). Remote sens-
ing technologies have the potential to provide low-cost information that
is spatially explicit, continuous, and available at multiple spatial and tem-
poral scales. In addition, remotely sensed data can provide information
that may not be easily measured by field data collection methods, such
as landscape metrics (Ludwig et al., 2000, 2007; Booth and Tueller,
2003; Hunt et al., 2003; MacKinnon et al., 2011) and retrospective moni-
toring for change detection (Washington-Allen et al., 2006).

Estimates of vegetation and bare ground fractional cover are core
pieces of information for rangeland management that can be derived
from remotely sensed data (MacKinnon et al., 2011). Field data, howev-
er, are often required to train and testmultiscale fractional covermodels
to produce indicator estimates based on remotely sensed imagery.
Many studies that provide remotely sensed cover indicators rely on in-
dependent field sampling efforts, including specialized sample designs
and field data collection campaigns, to obtain training and testing data
(Mishra and Crews, 2014; Sant et al., 2014; Xian et al., 2015). These
studies use a range of field data collection methods, such as ocular esti-
mation (Homer et al., 2012; Xian et al., 2015), line-point intercept (Karl,
2010; Mishra et al., 2014), and photo interpretation (Sant et al., 2014).
These field data collection methods vary in precision and may not be
consistent with other field data collection efforts or national rangeland
monitoring programs (Karl et al., 2014). While double sampling ap-
proaches (Karl et al., 2014) may be used, this may not be sufficient to
overcome inconsistencies between field methods and fundamental dif-
ferences in definition between fractional cover indicators reported in
these studies (Toevs et al., 2011). Furthermore, alternate methods of
data collection decrease inefficiency as double sampling is time con-
suming, and specialized field data may not be usable for other monitor-
ing purposes.

The cost of implementing a remote sensing−basedmonitoring pro-
gram could be reduced by using existing field data and adaptingmodel-
ing approaches to meet existing data constraints. One potential source
of existing field data is the data collected through BLM AIM
(MacKinnon et al., 2011). These data have been collected annually
across the western United States since 2011 by seasonally trained and
calibrated field crews using core data collection methods (Herrick
et al., 2009). The broad spatial extent and consistency of these data
may provide a high-quality training and testing data source for use in
remote sensing studies. The amount and location of these field data,
however, are variable and may not be sufficient to model rangeland in-
dicators frommoderate spatial resolution imagery. Thus, amodeling ap-
proach that includes existing field data together with imagery of
multiple spatial resolutions could be used to model fractional cover of
rangelands.

Using high spatial resolution imagery to train successively coarser
spatial resolution imagery is a well-described method for predicting
fractional cover across large study areas (Laliberte et al., 2007; Homer
et al., 2012; Gessner et al., 2013). This multi-image modeling approach
can improve prediction performance while reducing the amount of
field data required to predict cover across large spatial extents. Produc-
ing rangeland cover indicator estimates and uncertainty estimates using
existing field data and multiscale imagery, however, may require novel
modeling approaches. Regression tree models are common for
predicting landscape-scale rangeland cover indicators using multiscale
data (Laliberte et al., 2007; Homer et al., 2012; Gessner et al., 2013;
Mishra et al., 2014). Thesemodels, however, donot provide spatially ex-
plicit prediction uncertainty estimates and at the same time require
large amounts of training data across the range of possible conditions
to produce robust estimates. Applying a Bayesian framework to
multiscale regression tree approaches may provide a potential solution
to both the small field data sample size problem (McCarthy, 2007) and
the need for a spatially explicit estimate (Wilson et al., 2011). Such a
framework, however, has not been developed and tested for its utility
to monitor rangeland conditions.
In our study, we addressed this problem by using existing AIM data
for training and testing a multiscale Bayesian additive regression tree
(BART) model of rangeland fractional cover for a study area in north-
eastern California. We had three objectives: 1) to use existing field
and remotely sensed data to produce spatially explicit and continuous
rangeland indicator estimates of bare ground, bare soil, total foliar
cover, herbaceous cover, woody cover, and shrub cover; 2) to provide
spatially explicit and continuous uncertainty estimates for the fractional
cover indicator estimates; and 3) to determine if the sample size avail-
able via the AIM dataset was adequate to build robust BART models.

Bayesian Additive Regression Trees

Regression Tree−Based Models

Regression trees using remote sensing and ancillary data to predict
rangeland cover indicators are nonparametric machine learning algo-
rithms, which recursively partition a dataset through simple regression
models into increasingly smaller groups of similar response variables
(Homer et al., 2012; Gessner et al., 2013; Mishra and Crews, 2014). Re-
gression trees are built such that the same series of splitting decisions
applied to the predictor variables (i.e., regression planes) can be repeat-
ed to predict a continuous dependent variable via nonlinear relation-
ships (Breiman et al., 1984; Strobl et al., 2009). A regression tree starts
with all observations and predictor variables (i.e., the “root”). Observa-
tions in the root are split into subgroups (i.e., “branches”) using splitting
rules for the predictor values. Internal nodes are branched again until a
terminal node, called a “leaf,” is produced. This predicts a single re-
sponse. Simple regression trees use linear regression to determine
fixed leaf attributes and splitting rules. In contrast, regression model
trees apply a regression plane to the internal nodes and leaves of regres-
sion model trees in each prediction instance (Homer et al., 2013). Some
implementations of regression model trees (e.g., Cubist, RuleQuest,
2012) use generalized rules derived from regression trees. This results
in a series of stratified piecewise regressions that reduce over fitting
tendencies by weighting the process to have fewer parameters, thereby
mitigating outlier impacts. Regression model trees have been shown to
be more robust than simple regression trees and are thus more widely
applied to prediction problems such as remote sensing image product
development (Walton, 2008).

Although single regression model trees show improvement over
simple regression trees, there is greater benefit from considering en-
sembles (also called committees) of model trees. Random Forest (RF,
Breiman, 2001) is a common implementation of ensemble model trees
(Strobl et al., 2009). In RF models, a large number of diverse trees is
grown using a random subset of the training data and a random subset
of explanatory variables for each tree. Tomake a prediction, each tree in
the ensemble is applied to an observation and supplies a prediction. The
prediction with the most “votes” among all the trees is assigned to the
observation. The advantage of an ensemble of model trees is that a rea-
sonably accuratemodel can be improved can be successively fine-tuned
by additional trees, thereby making the model more resilient to both
weak training data sets and weak explanatory variables than simple re-
gression or regressionmodel trees (Strobl et al., 2009; RuleQuest, 2012).
Because RF uses only a small subset of the training data, cross-validation
is built into themethod. It has been argued that an independent testing
dataset may not be required, which has appeal when only a small train-
ing dataset is available (Walton, 2008; Strobl et al., 2009). RFmodels are
also thought to be resilient (but not immune) to overfitting due to the
weak correlation between trees in the model (Breiman, 2001). Howev-
er, large tree structure (Segal et al., 2004) and spatial autocorrelation of
the data (Mascaro et al., 2014)may still inducemodel overfit, especially
with small training data sets (De ’ath and Fabricius, 2000).

While regression model tree approaches have been successfully ap-
plied across disciplines, they can fail on two accounts. First, RF does not
satisfactorily handle missing data (Walton, 2008). When missing data
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occur for an independent variable within a dataset, RF compensates by
imputing the mean, median, or mode of that missing observation. The
assumptions required for such imputation can reduce prediction accu-
racies of these two models (Walton, 2008). It is possible to build RF
models that recognize missing values as not useful for prediction, simi-
lar to other regression treemodels (e.g., Gu andWylie, 2015). However,
this is not a standard implementation of RF. A second shortcoming of RF
is it does not provide ameasure of estimate uncertainty. RF predicts by a
combination of pruning parameters, minimum cases rules, and ensem-
ble of trees “committee,” but the outcome of the vote is binary and
therefore the level of agreement among trees regarding the prediction
is not known (Walton, 2008). This lack of a prediction-based uncertain-
ty has implications for model interpretation in that while overall model
error can be described, uncertainty associated with an estimate as it re-
lates to the population is not known.

Bayesian regression tree models, of which BART is a common imple-
mentation, provide point-level prediction uncertainty (Wilson et al.,
2011; Pratola et al., 2014), which has appeal for interpreting and using
cover estimates from remotely sensed imagery. This is because a Bayes-
ian interpretation of uncertainty differs from that of RF-based models
(Clark, 2007). In a Bayesian uncertainty framework, the true population
value is assumed to be unknown and a “credible interval” describes the
range of values within which the true population parameter is likely to
fall. Thus, Bayesian uncertainty describes the uncertainty of the popula-
tion parameter. For example, an estimated 95% credible interval for bare
groundmeans that the true value of bare ground has a 95% likelihood of
beingwithin 5% and 25%. This allows for expression of uncertainty about
the model inputs, which are considered random, in addition to uncer-
tainty in the model prediction. In contrast, non-Bayesian models (such
as RF) typically describe model uncertainty as a confidence interval for
the prediction, which for the earlier example would be interpreted as
95% percent of the times the exercise (or experiment) is repeated, the
true population parameter of bare ground would fall between 5% and
25%. A critical assumption of both RF and BARTmodels is that the train-
ing and testing data adequately represent the true population parame-
ter. Thus, in a management context, a Bayesian confidence interval is a
simpler uncertainty metric to interpret for decision making and has
the added benefit of acknowledging the uncertainty introduced by the
model parameters in the final credible interval (Ellison, 2004).
Figure 1. Map of the study area and extent of RapidEye imagery. A diagram of a circular
field plot with three transects radiated from plot center is also shown.
Bayesian Additive Regression Trees

BART implements an ensemble regression tree model in a Bayesian
framework where a collection of comparatively weakly performing
model trees is aggregated to create one strong model (Chipman et al.,
2010). Any individual model tree is considered to be weak because
that tree itself is assumed to be a poorly performing model with small
individual influence on the overall BART model performance. While
the additive result across all trees may not necessarily produce a
model with the highest training accuracy, it can produce a robust
model that predicts well to new areas.

The BART approach provides many of the same strengths as RF in-
cluding resistance to overfit, applicability to nonparametric data, and
good performance using small training data sets. However, BART may
provide advantages over RF because it offers improved treatment of
missing data and produces prediction uncertainty estimates. Missing
data are handled via a “missing in attributes” approach, which either
builds the concept of “missingness” into the splitting rules themselves
(i.e., models themissing data) or adds a splitting rule to handle missing
data (Bleich et al., 2014). Similar to the Cubist regression tree approach,
the predictive power of a missing attribute value is zero and the model
accommodates accordingly (Gu and Wylie, 2015). Uncertainty esti-
mates in BART are produced by making predictions from the model’s
posterior distribution. Furthermore, BART models have shown lower
root mean square errors (RMSEs) than RF (Chipman et al., 2010).
The BART model is given by:

y ≈ ∑
m

i¼1
TM
i xi…xkð ÞþE; E¼Nn 0;σ2In

� �
; ð1Þ

where TM denotes the tree structure and m is the number of distinct
trees formed by a set of k predictor variables x; M describes the set of
leaf parameters at the terminal nodes of the quantity bt such that
Mt={μt ,1,μt ,2,…μt ,bt}; and the error term E is drawn from the normal
distribution Nn whose standard deviation is a function of the variance
times an inverse gammadistribution (Kapelner and Bleich, 2016). Inter-
nal nodes, or tree branches, are specified by a predictor variable splitting
rules, xjNc, where xj is the splitting variable and c is the splitting value.

In Bayesian models, the posterior distribution is the conditional
probability of a prediction occurring,which is the product of themodel’s
prior distributions (i.e., “priors”) and a selected likelihood function. In
BART, the set of priors governs the tree structure and leaf parameters
and is specified by “hyperparameters” (Kapelner and Bleich, 2016).
There are two classes of hyperparameters: those specified by the user
and those derived from the data. The structure of each prior and associ-
ated hyperparameters is discussed in detail in Chipman et al. (2010).
The setting of priors and hyperparameters can be a daunting task. How-
ever, while the use of covariates as informative priors may improve
model performance, uninformative or uniform priors often are suffi-
cient to achieve desired model results and may be adequate (Bleich
et al., 2014). Bayesian applications in ecology frequently employ uni-
form priors in the absence of meaningful covariate-derived priors
(McCarthy, 2007). Thus, the default BART hyperparameters are often
suitable (Pratola et al., 2014).

Methods

Study Area

The study area encompassed 14 625 km2 of land administered by
the BLM in the Modoc Plateau region of northeast California and north-
westNevada (Fig. 1; central coordinates: 41.153°N, 120.145°W).Within
the study area we considered only lands defined as shrublands and
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grasslands in the National Land Cover Dataset (Homer et al., 2015). Vege-
tation communities of the study area are typical of the Great Basin and in-
clude a range of ecosystems from desert playas to mountain big
sagebrush (Artemisia tridentata Nutt. ssp. vaseyana [Rydb.] Beetle). Ripar-
ian vegetation makes up a small fraction of the landscape. The study area
is in the transition between semiarid or steppe (BSk) and Mediterranean
(Csa, Csb) Köppen climates (Peel et al., 2007). Annual temperatures range
from −10°C to 40°C, and 70% of the annual precipitation (317 mm) oc-
curs in late fall and during the winter (Desert Research Institute, 2015).

The study area ismanaged under the BLM’smultiple-usemandate to
promote livestock grazing, wildlife habitat, mining activities, and recre-
ation (USDI BLM, 2012). Rangelands in the study area face additional
management concerns including declining greater sage-grouse
(Centrocercus urophasianus) populations, increasing density of wild
horses and burros, wildfire, drought, juniper encroachment, and the
spread of invasive annual grasses (USDI BLM, 2012).

Field Data Collection

Field data were collected as part of the AIM program in a
multiresource monitoring effort across three BLM field offices in north-
eastern California. The objective of this monitoring effort was to gather
data regarding the condition of BLM rangelands in the study area relative
to grazing impacts, greater sage-grouse habitat suitability, and the extent
of invasive species. In August 2012, the Rush Fire burned 1 277 km2 of
sage-steppe vegetation in the southeastern portion of the study area, ne-
cessitating additional data in that area tomonitor postfire recovery (USDI
BLM, 2012). As a result, a nested sample design was implemented with
higher sampling densities in and adjacent to the Rush Fire burn (1 plot
per 38 km2) and a lower-intensity (1 plot per 80 km2) sampling network
for the entire study area (see Fig. 1). For both sets of samples, the
generalized-random tessellation stratified algorithm was used to draw
the sample locations to ensure good spatial distribution of sample loca-
tions (Stevens and Olsen, 2004).

Field data were collected at 182 locations between May and Au-
gust of 2014 by BLM field crews. A field plot was composed of three
transects radiating from the plot center with each transect offset of
the center by 5 m to avoid areas disturbed by trampling from the
field crew (see Fig. 1). Midway through the study, the BLM elected
to standardize plot sizes across all AIM monitoring projects. Before
this change, 69 plots were measured using 50-m transects (2.2-
acre plot area). After this change, the remaining 113 plots were mea-
sured using 25-m transects (0.7-acre plot area).

At each plot, field crews collected line-point intercept data by
dropping a pin 50 times at regularly spaced intervals along each transect
and measuring the number of plant species hits and the ground cover
type intersecting the pin (Herrick et al., 2009). Field crewswere trained
and calibrated to BLMAIM data quality standards. From thesemeasure-
ments, plot-level fractional cover indicators were calculated, including
bare ground cover, bare soil cover, total foliar cover, herbaceous cover,
total woody cover, and shrub cover (see Herrick et al., 2009 for details
on calculating indicators). Bare ground consisted of all between-plant
cover (bare soil, rocks, litter, and water). Bare soil was the exposed
soil with no plant, litter, or rock cover. Total foliar cover, the inverse of
bare ground, was the proportion of the plot covered by any plant cano-
py. Herbaceous cover included nonwoody plant species recorded at any
layer of the line-point intercept pin hit (see Karl et al., 2017). Woody
cover was cover provided by all woody plant species (i.e., trees and,
shrubs, and subshrubs) at any pin hit and shrub cover by only shrub
plant species at any pin hit.

Imagery Acquisition and Processing

Two remote sensing image products were acquired for this study:
30-m, 12-bit Landsat 8 Operational Land Imager Surface Reflectance
(US Department of the Interior US Geological Survey Earth Resources
Observation and Science Center, 2015) and 7-m, 8-bit RapidEye Level
1B imagery (Blackbridge, 2015). Four cloud-free Landsat 8 scenes
(Paths 43 and 44, Rows 31 and 32) from between May 26 and June
26, 2014 were mosaicked together using histogram matching in ENVI
5.1 to cover the entire study area (see Fig. 1). We spectrally subset the
Landsat mosaic to only those six bands informative for describing ter-
restrial land cover characteristics: blue (0.45−0.51 μm), green
(0.53−0.49 μm), red (0.64−0.67 μm), near-infrared (0.85−0.88 μm),
and the two short-wave infrared bands (1.57−1.65 μm and
2.11−2.29 μm). RapidEye imagery, collected June 1−4, 2014, was
mosaicked converted to at-surface reflectance using the FLAASH Mod-
ule in ENVI 5.0 to convert themultispectral RapidEye imagery from cal-
ibrated radiance to scaled percent reflectance according to the
generalized atmospheric parameters available in FLAASH. All five
RapidEye bands were included in the final mosaic: blue (0.44−0.51
μm), green (0.52−0.59 μm), red (0.63−0.69 μm), red edge
(0.69−0.73 μm), and near-infrared (0.76−0.85 μm).

Following the preprocessing, we conducted a principal component
analysis (PCA) on each of the Landsat and RapidEye mosaics to reduce
data dimensionality (Jensen, 2005) and minimize spatial autocorrela-
tion (Dormann et al., 2007). The first three principal component (PC)
bands explained N 99% of the total spectral variance in both the Landsat
and RapidEye image mosaics, and initial exploration of the BART model
showed that these three PCs were of relative equal importance and the
remaining components hadminimal influence in improvingmodel per-
formance. Thus, we selected these three PCs from each image mosaic as
the BART predictor variables in this study.

To prepare the PC bands for BART model training, we intersected
each band raster with the field plot point locations buffered by 30 m
or 50 m. We selected the pixels from each PC band of both image mo-
saics, which intersected each field plot buffer and aggregated these
pixel values using a weighted average based on the percent of each
pixel within the field plot. This created a one-to-one relationship be-
tween the field and remote-sensing data. The average numbers of ag-
gregated pixels per field plot in the RapidEye and Landsat image
mosaics were 45 and 3, respectively.

BART Implementation

Prediction of fractional cover for the indicators occurred in a three-
stage process, each of which generated a unique BART model
(Kapelner and Bleich, 2016): RapidEye-only model, Landsat-only
model, and a combined Landsat-RapidEye model (Fig. 2). This multi-
stage process has been shown to be a successful technique for scaling
from field data to high spatial resolution imagery like RapidEye to mod-
erate spatial resolution imagery such as Landsat (Homer et al., 2012;
Mishra et al., 2014). In the first stage, we used data from the 101 field
plots located within the RapidEye scene to develop the RapidEye-only
model using the RapidEye PCs as the predictor variables. In the second
stage, we used all 182 field plots in the study area to develop the
Landsat-only model using the Landsat PCs as the predictors. In the
third stage, we used 1 000 randomly selected 30 × 30 m pixels from
the RapidEye indicator predictions together with measured indicator
values from the 182 field plots to develop the Landsat-RapidEye
model with the Landsat PCs as the predictor variables. The assumption
of this approach was that the RapidEye scene (which accounted for
85% of the training data) captured the environmental gradients of the
larger study area. This final BART model with both field and RapidEye-
derived training data produced the most accurate results; thus, we
used this hybrid model to predict fractional cover indicators for the en-
tire study area (see Kapelner and Bleich, 2016).

For all stages of model training, testing, and prediction, we used the
bartMachine (Kapelner and Bleich, 2016) and raster packages (Hijmans
and van Etten, 2012) in the R statistics program (version 3.2.2, R Core
Team, 2015). Each model was built using 500 iterations with 200
trees, excluding a 200-iteration burn-in period. These parameters



Figure 2. Flowchart illustrating how this study predicted fractional cover indicators using
two kinds of imagery, three models, and two types of training data.
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were the minimum number of iterations and trees needed to ensure
model convergence. We used BART’s default 5-fold cross-validation
with 500 iterations to test each model. The number of trees and itera-
tions was selected on the basis of preliminary exploration, which
showed that variance among individual tree predictions converged at
200 trees with 500 iterations.

All models were developed and tested using BART’s default
hyperparameters (β=2, k=2,ν=3,q=0.9) and uniform priors (1

�
p)

atα=0.90 (Bleich et al., 2014). Bayesian applications in ecology frequent-
ly use uniform priors in the absence of meaningful covariate priors
(McCarthy, 2007), and thus the default BART hyperparameters and set-
tings are often suitable (Pratola et al., 2014; Kapelner and Bleich, 2016).
Furthermore, the application of the BART model predictions in this
study will be used for making management decisions; thus, the advan-
tages to implementing BART consistently between indicators and over
time outweigh the small performance benefits that might be gained
from custom parameters, priors, and hyperparameters.

BART outputs can be classified as those associated with the predic-
tions and those associated with the model specification itself. For each
indicator prediction, the BART model provides a per-pixel fractional
cover estimate and a 95% credible interval. The credible interval,
drawn from the BART posterior probability, is the interval within
which there is a 95% chance the true population parameter is found
(Clark, 2007). BART model specification outputs include in-sample
(training) pseudo-R2, in-sample RMSE, out-of-sample (testing) RMSE,
and model overfit. In BART, pseudo-R2 is calculated as:

pseudo−R2 ¼ 1−SSE
SST

; ð2Þ

where SSE is the sum of squared errors in the training data and SST is the
total sum of squares or the sample variance of the response multiplied
by n−1. Pseudo-R2 is not an ideal statistic because it is a relative mea-
sure of fit, sensitive to the number of predictors and distribution of the
training data (Maindonald and Braun, 2006). Therefore we also report
in-sample RMSE as an absolute measure of fit for accuracy comparison
between models. The RMSE describes the differences between the pre-
dicted and observed responses of a model:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1 ŷi−yi
� �2
n

;

s
ð3Þ

where ŷi is the predicted response, yi is the observed response, and n is
the number of samples. To calculate in-sample RMSE, yi is drawn only
from the set of training observations. For out-of-sample RMSE, yi is
drawn from a set of withheld testing data. The ratio of out-of-sample
RMSE to in-sample was used as a measure of model overfit (sensu
Mascaro et al., 2014).

Model Evaluation

We evaluated the performance of each BART model using five
criteria: pseudo-R2, in-sample RMSE, out-of-sample RMSE, model
overfit, and the relationships among predicted values for the different
indicators. Thefirst four criteria are defined earlier. Thefifth criterion re-
lates to the idea that logical relationships exist between fractional cover
indicators on the ground based on how the indicators are defined
(e.g., total foliar cover plus bare ground should sum to 100%) and that
deviations from these relationships in themodel predictions provide in-
sights into model performance (Homer et al., 2012). To assess BART
model performance, we considered disagreement of modeled relation-
ships with the following specific logical relationships: 1) total foliar
cover plus bare ground should sum to 100%, 2) total foliar cover should
be greater than or equal to the individual and summed predictions of
woody cover, shrub cover, and herbaceous cover; and 3) bare ground
should be greater than or equal to bare soil.

Sampling Sufficiency

One concern with using field data not originally intended to test and
train remote sensing models is that the number of field plots may be
lower than the sample sizes used in similar landscape-scale fractional
cover prediction studies (e.g., Karl, 2010; Sant et al., 2014; Xian et al.,
2015). To evaluate sampling sufficiency for this work and examine the
influence of sample size on BART model performance, we ran sample
size simulations of 100 iterations and evaluated the variability in
RMSE and model overfit as a function of sample size. For the
RapidEye-only BART model, sample size simulations explored field
plot sample sizes between 5 and 101 at one-plot increments, with a 5-
fold cross-validation. For the Landsat-only BART, we examined the im-
pact of running BART with field plot sample sizes between 5 and
182 at two-plot increments. Because an infinite number of randomsam-
ples could be drawn from the RapidEye image to improve the Landsat-
RapidEye model performance, sample sufficiency was not examined in
thismodel. The goal of these simulationswas todetermine ifmodel perfor-
mance began to converge within the field plot sample sizes available for
this study or if more samples were needed to build a stable BART model.

Results

Model Evaluation

Pseudo-R2 values varied by model and indicator (Table 1). Of the
three models, the RapidEye-only BART model gave the lowest mean
pseudo-R2 values (0.64), then the Landsat-only BART model (0.66).
The best mean pseudo-R2 was produced by the Landsat-RapidEye
BART model (0.73). Bare soil consistently gave the highest pseudo-R2,
ranging from 0.79 in the RapidEye-only and Landsat-only models to
0.85 in the Landsat-RapidEye model. Woody and shrub models pro-
duced the lowest pseudo-R2, averaging 0.51 and 0.46, respectively,
across all models.

Both out-of-sample RMSE andmodel overfit varied bymodel and by
indicator (see Table 1). A Tukey’s honest significant difference test
showed the RapidEye-only and Landsat-only models’ out-of-sample
RMSEs were not statistically different (P = 0.98), but both models had
significantly higher out-of-sample RMSE values than the Landsat-
RapidEye model (P b 0.001). There was no statistically significant
trend in model overfit by indicator, although shrub out-of-sample
RMSEs were consistently among the lowest out-of-sample RMSE values
in each model. This is likely because shrub cover was low across large
portions of the study area due to fire history. For all indicators and



Table 1
Results of prediction and cross-validation for all indicators in the RapidEye, Landsat, and
Landsat-RapidEye models.

Indicator Pseudo-R2 In-sample
RMSE (%)

Out-of-sample
RMSE (%)

Model
overfit

RapidEye
Bare ground 0.77 8 12 1.50
Bare soil 0.79 7 13 1.86
Total foliar 0.77 8 13 1.63
Herbaceous 0.69 11 15 1.36
Woody 0.44 8 9 1.13
Shrub 0.37 8 9 1.13
Mean 0.64 8 12 1.43
Standard deviation 0.19 1 2 0.29

Landsat
Bare ground 0.73 8 11 1.38
Bare soil 0.79 7 11 1.57
Total foliar 0.73 8 11 1.38
Herbaceous 0.72 11 14 1.27
Woody 0.53 11 14 1.27
Shrub 0.45 9 11 1.22
Mean 0.66 9 12 1.35
Standard deviation 0.14 2 2 0.13

Landsat-RapidEye
Bare ground 0.80 6 7 1.22
Bare soil 0.86 5 6 1.17
Total foliar 0.80 6 7 1.20
Herbaceous 0.78 6 8 1.33
Woody 0.60 5 7 1.40
Shrub 0.55 4 5 1.25
Mean 0.73 5 7 1.25
Standard deviation 0.13 1 1 0.10

RMSE, root mean square error.
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models, the overfit ratio of out-of-sample RMSE to in-sample RMSE
ranged from 1.13 to 1.86. Model overfit decreased with each BART
model (see Table 1), from the RapidEye-only model (model overfit
ratio of 1.43) to the Landsat-only model (model overfit ratio of 1.35)
to the Landsat-RapidEye model (model overfit ratio of 1.25). There
was no consistent overfit trend between indicators.
Indicator Estimates

For each of the six rangeland cover indicators, we used the BART
models to producemaps of fractional cover and95% credible interval es-
timates from the Landsat-RapidEye models. Bare ground (average
cover: 46.0%), total foliar cover (average cover: 38.4%), and herbaceous
cover (average cover: 34.1%) had the highest average cover across the
study area while woody cover (average cover: 13.1%), shrub cover (av-
erage cover: 12.0%), and bare soil (18.9%) had the lowest average cover
(Table 2). The spatial distribution of the indicators varied across the
study area, with higher proportions of total foliar and nonwoody vege-
tation in the southeastern portion of the study area (Fig. 3) correspond-
ing to the area of the Rush Fire. Higher bare ground, bare soil, woody,
and shrub cover values were found in the northeastern and western
portions of the study area.
Table 2
Mean prediction and 95% credible interval width for each indicator summarized across all
per-pixel predictions in the study area.

Indicator Mean percent cover σ Mean CI width σ

Bare ground 46.0 20.7 8.6 3.8
Bare soil 18.9 9.6 2.6 4.3
Total foliar 38.4 17.6 8.8 3.9
Herbaceous 34.1 9.2 3.0 5.1
Woody 13.2 5.3 2.5 4.3
Shrub 12 4.0 1.7 2.9

CI, confidence interval.
Credible interval estimates also varied spatially and by indicator.
Total foliar and bare ground had the widest average credible interval
widths (8.8% and 8.6%, respectively), whereas herbaceous cover had
the largest variation in credible interval width (3%, σ = 5.1). Shrub
cover had the smallest average credible interval width at 1.7. Credible
interval widths were highest in the northeastern part of the study
area for all indicators, although therewere patches of increased credible
interval widths within the fire boundaries in the south-central portion
of the study area (Fig. 4). These areas correspond to areas with lower
sampling intensity and undersampled vegetation community types.

Sampling Sufficiency

Sampling sufficiency simulation results indicated that enough AIM
field data were available to train and test a BART model in our study
area. In-sample RMSE and model overfit ratios converged to stable
values at sample sizes at least 50 plots lower than the number of avail-
able field plots (Figs. 5 and 6). In the RapidEye-onlymodel, convergence
occurred at approximately 50 field plots for in-sample RMSE and the
model overfit ratio (see Fig. 6). In the Landsat-only model, the conver-
gence for both metrics also occurred at approximately 100 field plots
for both pseudo-R2 and model overfit (see Fig. 6). Sampling sufficiency
convergence patterns varied slightly by indicator. For both the
RapidEye-only and Landsat-only models, herbaceous cover results con-
verged before any of the other indicators at approximately 25
(RapidEye) plots and 50 (Landsat-only) plots for both in-sample RMSE
and model overfit ratio.

Discussion

The results of this study demonstrate that a multiscale BART model
can be successfully applied to predict rangeland cover indicators using
remotely sensed imagery and available field data. Although success of
multiscale regression tree approach has been shown in prior studies
(Homer et al., 2012; Sant et al., 2014; Xian et al., 2015), this study dem-
onstrated that existing field data collected for other studies can be suc-
cessfully applied as training data in a rangeland remote sensing study
(see Figs. 5 and 6). Integrating samples derived from RapidEye-only
model predictions and AIM field samples improvedmodel performance
over using just AIM data with the Landsat-only model (−4% RMSE, see
Table 1). Furthermore, the BART approach provided prediction-level
uncertainty estimates that previous approaches often did not (see
Fig. 4). Variations among the RapidEye-only, Landsat-only, and
Landsat-RapidEye BART models’ performance may have been due to
changes in spatial resolution, the density of field samples, or differences
between indicators.

Model Evaluation

By all evaluation measures, the Landsat-RapidEye model was the
most robust model of the three models evaluated in this study.
Pseudo-R2 values were the highest, while RMSE values and model
overfit were the lowest for all indicators in the Landsat-RapidEye
model (see Table 1). The pseudo-R2 values for bare ground, herbaceous,
and bare soil were greater than the R2 values reported in other studies
implementing multiscale regression tree models (Homer et al., 2012,
2015; Mishra et al., 2014). RMSE values for all indicators in our study
were comparable with those produced in other studies, although our
study covered a smaller study area size and less vegetation community
variability.While the Landsat-RapidEye RMSEswere similar to other re-
search studies, shrub pseudo-R2 values in this study were lower than R2

of previous research. However, these results are not directly comparable
due to differences in metrics. Woody and total foliar cover as defined in
this studywere not comparablewith previouswork that employed sim-
ilar regression model trees, due to differences in the definition of these
indicators. While some studies report training and testing accuracies



Figure 3. Percent fractional cover of each indicator: bare ground, total foliar, bare soil, herbaceous, woody, and shrub.
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(e.g., Boyte and Wylie, 2015), measures of model overfit metrics have
not been commonly reported in multiscale rangeland fractional cover
remote sensing (Homer et al., 2012; Mishra et al., 2014; Sant et al.,
2014); thus, it is not apparent the extent to whichmodel overfit has oc-
curred elsewhere or how themodel overfit results of this study compare
with previous works.

Spatial Autocorrelation

Multicollinearity and spatial autocorrelation among predictor vari-
ables with linear regression techniques can result in inflated accuracy
statistics and erratic model coefficients (i.e., sensitivity to small changes
in input data or model structure). While regression tree approaches are
resistant tomulticollinearity effects (Wylie et al., 2007), spatial autocor-
relation in the input variables can still lead to model overfit. Tendencies
of the BART models toward model overfit may also be related more to
spatial autocorrelation than to the number of training samples or pre-
dictor variables (Telford and Birks, 2005; Mascaro et al., 2014). Our
sample sufficiency analyses (see Figs. 5 and 6) showed that the model
overfit ratio became smaller (i.e., closer to one) with increasing sample
size. Overfit ratios converged to their minimum values at sample sizes
below what was available for this study. Preliminary implementations
of the BART models for this study included the original sensor band
values and additional topography, texture, and vegetation indices as
these predictors have been used in other remote sensing studies
(Marsett et al., 2006; Homer et al., 2012; Mishra et al., 2014). However,
these models produced out-of-sample RMSE values that were, on aver-
age, 29%higher relative tomodels that used just thefirst three PC bands.
This higher out-of-sample RMSEmayhave been due tomulticollinearity
among the PCA bands and the additional predictor variables.

Spatial filtering or spatial autoregression has been used to remove
autocorrelation from the predictor variables to reduce model overfit in
regression trees (Telford and Birks, 2005; Dormann et al., 2007). Alter-
natively, geographic coordinates can be added to the regression tree
as input variables (Mascaro et al., 2014) or measures of spatial autocor-
relation could be incorporated into themodel, as it is done in regression



Figure 4. Credible interval width of each percent cover indicator: bare ground, total foliar, bare soil, herbaceous, woody, and shrub.

651S.E. McCord et al. / Rangeland Ecology & Management 70 (2017) 644–655
kriging (Karl, 2010). Future research should examine the influence of
spatial autocorrelation on multiple spatial scale model performance,
model overfit, and selection of predictor variables when incorporating
spatially autocorrelated predictor variables in a remote sensing model
(sensu Gu et al., 2016).

Spatial Resolution

Differences in performance between the RapidEye-only, Landsat-
only, and Landsat-RapidEye models may be due, in part, to differences
in the spatial resolution of themodel input data. Although RMSE values
decreased from RapidEye-only to Landsat-only to Landsat-RapidEye,
the differences in spatial resolution between themodelswere especially
apparentwhen examiningmodel overfit.Model overfit can be the result
of too much variability within the predictors (Balac et al., 2013). In the
RapidEye-only model, the increased spatial complexity associated
with increased spatial resolution may be influencing model overfit.
The RapidEye-only model, which had the highest density of field
samples (1 per 38 km2) also had the greatest degree of model overfit
(see Table 1). This could be due to the aggregation of an average of 45
RapidEye pixels per training plot to create a direct relationship between
the PC bands and the field-sampled area. In contrast, the Landsat pixels
aremore similar in size to the training plots; thus, fewer pixels were ag-
gregated for each field plot. This commonality in scale between the spa-
tial resolution of the plot and the Landsat pixel may contribute to lower
model overfit.

BART Limitations

Despite the advantages of BART and successful implementation
demonstrated here, its computationally intensive nature and the tech-
nical expertise required to implement it relative to other more tradi-
tional image classifiers may constrain its implementation for land
management applications. Additionally, BART is a relatively new regres-
sion tree approach (Chipman et al., 2010) and its application to remote
sensing in ecology and rangeland management is novel. Further



Figure 5. Relationship between field training data sample size and RapidEye-only BARTmodel performance as indicated by rootmean square error andmodel overfit. The range between
minimum and maximum values is shown in gray.
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research and exploration into its performance in a variety of ecosystem
types are warranted.

Indicator Estimates

Overall, indicator predictions behaved as expected relative to one
another. In the summation of bare ground and total foliar predictions,
99.99% of the predictions were between 90% and 110% cover and
82.8% of the predictions between 95% and99% cover. This is an improve-
ment uponHomer et al. (2012), whoperformed a similar analysis, albeit
with a lower sampling density (1 plot per 129 km2 vs. 1 plot per 80 km2

in this study), and reported that 93% of the predictions were between
90% and 110% cover and 73% of the predictions between 95% and
100% cover. This indicates, however, that our BART predictions may be
slightly underestimating cover across the landscape. Bare ground and
total foliar cover had identical pseudo-R2 and RMSE values in each
model (0.80 in the Landsat-RapidEye model), a result expected from a
robust model given that the two indicators are inverse of one another.

Woody and shrub models had lower pseudo-R2 and RMSE values
than the other indicators. In addition, 16% of the shrub predictions
exceeded the predicted woody cover. This suggests that these models
were not as robust as the other indicator models. Reduced woody and
shrub model performance is seen in similar studies in rangelands
(Gessner et al., 2013; Xian et al., 2015) and may be due to the complex
structure of woody canopy and variations in the spectral signatures of
woody plants, which results in a more dimensional response than that
of bare soil or herbaceous cover. For the purposes of monitoring juniper
encroachment and managing other woody species dynamics using the
current modeling approach, additional training data may be required
in those areas, or different seasonal imagery may be necessary to better
distinguish between woody vegetation and herbaceous vegetation in
rangeland systems.
The spatial distribution of the six rangeland indicators (see Figs. 3
and 4) show that the BARTmodels were able to predict changes in veg-
etation related to difference in fire history and topography. For instance,
increased herbaceous cover and decreased woody cover in the south-
eastern portion of the study area coincides with boundaries of the
2012 Rush Fire. In unburned areas, bare soil is higher in playas and low-
land areas and lower onhigh-elevation sites. Similarly, increasedwoody
vegetation and total foliar cover in unburned areas correspond with in-
creasing elevation. This is to be expected as higher-elevation rangelands
typically receive more precipitation and thus typically produce greater
amounts of vegetation (Lomolino, 2001).

Sampling Sufficiency

Sampling sufficiency analysis showed that the sample sizes available
through the AIM dataset were sufficient to develop BART-based frac-
tional cover models. Previous fractional cover studies (Karl, 2010; Xian
et al., 2015) have relied on higher field sampling densities than those
used in this study. These sample sufficiency results indicate that frac-
tional cover products may be produced at lower costs by not only
using freely available data but also applying a model that required
fewer training samples overall. The data available through AIM, howev-
er, may not capture the spatial variability necessary to train finer cover
classes adequately (e.g., shrub, herbaceous cover); thus, targeted sup-
plemental data collection where possible may be beneficial to improve
model performance or where the timing of AIM data collection is in-
compatible with modeling efforts.

The amount of data required to develop and test a BART model may
also be dependent on spatial resolution. The RapidEye-only model re-
quired at least one sample plot per 76 km2 to converge to a stable
pseudo-R2, while the Landsat-only model required one sample plot for
every 146 km2. This suggests that the amount of data required to train



Figure 6. Relationship between field training data sample size and Landsat-only BARTmodel performance as indicated by root mean square errors andmodel overfit. The range between
minimum and maximum values is shown in gray.
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high spatial resolution imagery may be greater than the amount re-
quired for moderate spatial resolution imagery. Consequently, when
considering sample sizes, the spatial resolution of the predictor vari-
ables and number of pixels to be predicted should be considered in ad-
dition to the spectral variability, vegetation complexity, and size of the
study area.

Uncertainty

One distinct advantage of this study in comparison with many other
rangeland remote sensing studies (Homer et al., 2012; Gessner et al.,
2013;Mishra et al., 2014;Xian et al., 2015) is the focus onproviding spa-
tially explicit uncertainty estimates in addition to indicator predictions.
Bayesian uncertainty frameworks provide a credible interval in which
the true population parameter falls, thereby estimating both model
error and uncertainty from other sources (e.g., training data, predictor
variables). Spatially explicit credible interval ranges provide an addi-
tional metric for understanding model performance as it varies over
space. Previous fractional cover studies (Mishra et al., 2014; Sant et al.,
2014; Homer et al., 2015) reported overall map accuracy, but did not re-
port spatial measures of prediction uncertainty, even when the model
used (e.g., Cubist) has the ability to report such measures of model un-
certainty. This spatial understanding of uncertainty is useful for land
managers and researchers because it helps to interpret landscape pat-
terns aswell as determine the level of confidence placed in the fraction-
al cover product overall as well as in specific areas, and thus these
uncertainty products should be promoted more rigorously by the
modelling community. In this study credible interval widths were
higher within the fire boundaries and in the northeastern portion of
the study area (Figure 4). The increase in uncertainty in post-burn
areas may be due to an uneven vegetation response post-fire while
the general increase in uncertainty in the northern portion of the
study areamay be the result of insufficient training data. Understanding
the cause of the uncertainty is important for interpretation of the data
and further exploration is needed to understand the uncertainty pat-
terns in the prediction maps in this study.

Land managers and others interpreting and making decisions with
indicator prediction maps can incorporate the level of uncertainty in
the indicators at the spatial scale and in the exact area where the deci-
sion is beingmade as an additional line of evidence to support a specific
decision. If the level of uncertainty in a particular region of the study
area is deemed unacceptable (e.g., due to insufficient training data), fu-
ture field data collection efforts may be focused in areas where predic-
tions are uncertain (McCarthy, 2007). Subsequent field data could
then be used to update the BART model, thereby creating a feedback
mechanism between field data collection and remote sensing models
to inform adaptivemanagement. As a result, model predictions improve
over time to provide better information to managers (Holst, 1992;Wil-
liams et al., 2011).

Understanding the role of error propagation (i.e., uncertainty accu-
mulation; Hunsaker et al., 2001) in remote sensing models is also im-
portant (Wang et al., 2005). In this study, we estimated only
uncertainty and not error propagation, but others (e.g., Wilson et al.,
2011) have proposed using alternate hierarchical Bayesian models to
incorporate the uncertainty of each dataset more explicitly than BART.
With the current implementation of BART in bartMachine, error is prop-
agated as a global parameter based on the dataset variability (Chipman
et al., 2010). However, sampling and non-sampling errors can vary on a
local scale as a result of temporal and spatial variation in field plots
and image scenes. BART currently allows the user to specify
hyperparameters that govern which predictors may by more informa-
tive or have less uncertainty overall, but BART does not allow a likeli-
hood function to be assigned to training data points individually. Thus
the uncertainty associated with individual data points cannot be
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explicitly included in the model. In a multi-scale model, such as the
Landsat-RapidEye model, error could also be propagated from the
field to the RapidEye-only predictions and then to the Landsat predic-
tions. This error propagation could be modeled by assigning, for exam-
ple, higher uncertainty to the modeled training data than to the field
data in the Landsat-RapidEye model. Future research should explore
ways to explicitly include error propagation in BART models.

Management Implications

In this study, we proposed and tested amulti-scale BARTmodel that
could be used to provide efficient and robust rangeland indicator infor-
mation to land managers using existing field datasets. Data collected as
part of rangeland monitoring programs with consistent methods such
as AIM are a promising source of training data for both prospective
and retrospective remote sensing studies. Existing field data frommon-
itoring programs could not only decrease the costs of remote sensing ef-
forts, but help ensure consistency in indicator definitions between
remote sensing studies and studies based solely on field data
(e.g., Karl et al., 2017; Herrick et al., 2010). Although the sample design
of existing monitoring programs may not be sufficient to capture the
range of training and testing data needed for remote sensing studies,
these existing designs could be easily supplemented at targeted location
by using consistent field data collection methods. Similar to other re-
gression tree approaches, using a multiscale modeling approach that
scales predictions fromRapidEye to Landsat improved BARTmodel per-
formance. This multiscale approach can be used when high spatial res-
olution imagery is available to supplement field data. In contrast to
other regression tree approaches, however, the BART model also pro-
vided uncertainty estimates which are valuable ancillary information
for land managers who use BART indicator predictions for adaptive
management. The added uncertainty information, together with effi-
ciencies gained from using available field data, provide a valuable
framework for using remotely sensed imagery to derive cover indicators
in other rangeland ecosystems.
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