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Although over 40 years of satellite imagery has greatly helped in documenting the location and extent of
human impact, especially deforestation, our ability to confidently detect current patterns of land change at
broad spatial scales needs improvement. To address this challenge, we have developed a cost-effective map-
ping procedure based on 250-m MODIS imagery that produces annual land-use/land-cover (LULC) maps for
Latin America and the Caribbean (LAC). This procedure uses annual spectral statistics, collection of references
samples with a Web-based tool, and tree-based Random Forests classifiers stratified by biome map regions to
produce wall-to-wall, annual LULC maps for 2001 to 2010 that cover all of LAC. Across 26 map regions, overall
pixel-level accuracy averaged 80.2±8.1% for eight basic LULC classes, and 84.6±6.5% for a five-class scheme.
Municipality-scale area change between 2001 and 2010 in the three dominant classes (woody vegetation,
mixed woody/plantation, and agriculture/herbaceous vegetation) was then estimated using regression
models fit to 10 years of data, thus minimizing the impact of inter-annual class variation on change statistics.
Closed-canopy forest area and change between 2001 and 2009 were well correlated with high-resolution
maps of the Brazilian Legal Amazon (PRODES project). Our LAC-wide analysis of significant change revealed
the recent extent and magnitude of deforestation hotspots, such as in the Amazon moist forests and the dry
forests of Argentina, Paraguay and Bolivia. Our data also revealed biome-specific clusters of municipalities
with increasing woody vegetation due to forest recovery, reforestation, or woody encroachment. Taken as
a whole, our MODIS-based mapping and trend modeling methodology can provide reliable land change
data, not just for the tropics or for forest cover, but for all biomes and municipalities in LAC and including
multiple LULC classes. Because this information can be produced quickly on an annual time scale, with
internally-consistent data sources, it is a very useful tool for resource managers, policy makers, scientists
and conservationists interested in tracking recent land change across broad-scale, political and environmen-
tal gradients.

© 2012 Elsevier Inc. All rights reserved.
1. Introduction

Global land change results from complex and interconnected drivers
operating at multiple spatial and temporal scales. At the global scale, for
example, economic globalization and climate change are the defining
drivers of land change in the 21st century. The science and policy com-
munities need recent maps of land-use/land-cover (LULC) to track how
these and other drivers are affecting land change across the planet as a
whole, as well as at spatial scales where change results from intersecting
global and regional human and natural processes (e.g., national policies
and development, ecosystem change). In addition to being up-to-date,
LULC maps are most useful with “wall-to-wall” coverage (e.g., whole
country, biome), as this allows a complete view of howprocesses driving
change in one areamay affect change in another area. For example, agri-
cultural intensification and expansion may displace deforestation into
.
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another area with lower land prices and insecure ownership rights
(Barona et al., 2010; Walker, 2012).

Despite the societal need to better understand land change in our rap-
idly changingworld, there is a surprising lack of LULC data producedwith
sufficient accuracy, consistency, and spatio-temporal coverage for these
types of analyses. Mapping of global land cover has relied on low resolu-
tion earth-observing satellites, such as AVHRR, MODIS andMERIS, with a
resolution between 250 and 1000 m (Achard et al., 2010). Due to their
importance in the global carbon budget, the research and policy commu-
nities have focused on mapping forests, with various thresholds of tree
height and percent tree cover used to define the class. For example,
FAO (2006) defines forests as areas with more than 10% tree cover,
while Hansen et al. (2008, 2010) used a 25% threshold. The IGBP
(Friedl et al., 2010; Herold et al., 2008) and UN Land Cover Classification
System (LCCS, Di Gregorio, 2005) are more conservative and use 60%
cover as the limit for forest, but also include plantations with forests.
Most global forest maps are used to document baseline information
around a single time period, as products have inadequate resolution or
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Table 1
Latin America and the Caribbean biomes (Olson et al., 2001) and their abbreviations.

Biome name Short name

Tropical and subtropical moist broadleaf forests Moist forests
Tropical and subtropical dry broadleaf forests Dry forests
Tropical and subtropical coniferous forests Conifer forests
Temperate broadleaf and mixed forests Temperate forests
Tropical and subtropical grasslands, savannas,
shrublands

Savannas/shrublands

Temperate grasslands, savannas and shrublands Pampas
Flooded grasslands and savannas Pantanal
Montane grasslands and shrublands Montane grasslands/shrublands
Mediterranean forests, woodlands, and scrub Mediterranean forests
Deserts and xeric shrublands Deserts/xeric shrublands
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inconsistent production techniques to permit change analyses. A recent
advance is a technique that estimates deforestation at regional to global
scales within 18.5 km blocks based on 500-mMODIS imagery with cali-
bration provided by stratified sampling of changemapped frommedium
resolution Landsat imagery (Hansen et al., 2008, 2010). Unfortunately,
these approaches have generally ignored forest recovery (Grau & Aide,
2008; Hecht & Saatchi, 2007; Meyfroidt & Lambin, 2011; Rudel et
al., 2005) when assessing broader-scale forest change. Other low-
resolution global maps focus on a range of LULC classes, such as different
forest types (Bartholomé & Belward, 2005; Bicheron et al., 2008; Hansen
et al., 2000) and agriculture (Ramankutty et al., 2008; Thenkabail et al.,
2009), yet these products are not regularly updated and have different
spatial resolution and processing techniques that confounds inter-
comparison and contemporary change analysis (Herold et al., 2008). A
possible solution to this data gap is the 500-m MODIS Land Cover Type
product (MLCT, product MCD12Q1 Collection 5; Friedl et al., 2010),
which has regular annual updates from 2000 to present and offers sever-
al LULC classification schemes focused on natural vegetation (75% overall
cross-validation accuracy for year 2005) and includes an independently-
derived urban class (Schneider et al., 2009).With 500-mpixels, theMLCT
product does suffer from year-to-year instability resulting from hetero-
geneous areas at sub-pixel scales (i.e.,mixed pixels) and variation in phe-
nology and disturbance, and the production algorithm attempts to
stabilize spurious inter-annual class change with reference to posterior
class probability (Friedl et al., 2010); however, the product still has sub-
stantial inter-annual variation, and the creators caution that “land cover
change should not be inferred by differencing the MLCT product across
years”.

There has been a long tradition of using medium resolution imag-
ery, especially from Landsat (30 m), for mapping LULC change. How-
ever, the relatively high likelihood of cloud cover in a 16-day satellite
revisit, especially in tropical areas, and historic data cost prior to Oc-
tober, 2008 have limited past studies to relatively small spatial scales
(e.g., a state, municipalities, watersheds) with irregular temporal res-
olution; and thus, land change studies that use these data often miss
the broader spatial context (e.g., displacement effects) or important
temporal inflections over short time periods, such as the last decade.
Two notable exceptions are government-led projects that have
sustained mapping of forest cover over large areas through time:
the Brazilian PRODES project (www.obt.inpe.br/prodes) produces an-
nual forest cover data over the “Legal Amazon” from Landsat satellites
and the Forest Survey of India (fsi.org.in) produces bi-annual forest
cover data from the IRS P6 satellite. Neither production process is
fully automated. The free access to the Landsat archive since 2008
coupled with declining costs of data processing and storage should
make broad-scale LULC mapping with Landsat a near-term reality
(e.g., Hansen et al., 2011). However, low resolution satellites, like
MODIS or the new Visible Infrared Imager Radiometer Suite (VIIRS),
still have an advantage for LULC mapping as the relatively high fre-
quency of their images allows temporal compositing to produce mul-
tiple scenes per year with minimal cloud coverage. These data in turn
facilitate complete annual land-covermapping aswell asmulti-temporal
analyses of seasonal changes in vegetation phenology (Ganguly et al.,
2010) and crop cycles (Galford et al., 2008; Wardlow et al., 2007). Fur-
thermore, the large scenes provided by low resolution satellites facilitate
mapping over large areas.

The major objectives of this study are to: 1) develop a methodol-
ogy for creating wall-to-wall, annual LULC maps at broad spatial
scales (i.e., region to global) using low resolution satellite imagery
(250-m MODIS), including internally-consistent datasets and a rigor-
ous training and accuracy assessment; 2) evaluate trends in land
change at the biome and municipality scales for Latin America and
the Caribbean, and, 3) compare our decadal forest change data from
our maps with those from a regional mapping effort. To address
these objectives, we focus on land change in Latin America and the
Caribbean (LAC) from 2001 to 2010. During this time, the region as
a whole has witnessed significant land change due to sustained eco-
nomic growth and large demographic shifts from a rural to urban
population. Furthermore, LAC contains some of the largest expanses
of natural areas and highest levels of biodiversity in the world, mak-
ing it globally important for conservation and carbon storage.

This research is an extension of Clark et al. (2010), where we
presented the first iteration of our MODIS-based mapping method
for the Dry Chaco ecoregion of Argentina, Paraguay and Bolivia. In
that paper, we emphasized the spatial and temporal consistency of
the image and reference data sources and scalability of the mapping
procedure, which relies on 250-mMODIS composited images and ref-
erence data collected from high resolution images in Google Earth.
Here we present modifications and automation of this method for an-
nual, continental-scale mapping of LULC across LAC for years 2001 to
2010. Annual maps were produced independently for 26 zone/biome
map regions. These data were used to describe trends in land change
at the municipality scale and, for further validation, to compare our
estimates of land change in the Brazilian Amazon basin with the
PRODES Landsat-based dataset. We focus our discussion of decadal
land change of woody vegetation (trees, shrubs), as it represents
change associated with natural vegetation, such as deforestation or
recovery of closed-canopy forests, and thus has important implica-
tions for conservation (e.g., species habitat) and ecosystem services
(e.g., carbon storage).

2. Methods

2.1. Study area

The study area included all countries in Latin America (Mexico,
Central America, South America) and the Caribbean (LAC) and their
16,050 municipalities, or second administrative units. Municipalities
were intersected with biomes (Olson et al., 2001), which are large
groupings of ecoregions defined by areas of similar climate and vege-
tation. For simplicity, we hereafter refer to biomes using short names
given in Table 1. Municipalities were assigned to the biome with the
greatest area, and those biome polygons b2000 km2 were assigned
to the largest surrounding biome (Figs. 1 and 2). To simplify our map-
ping and smooth transitions between maps, we also merged: all man-
groves and rocks/ice into their adjacent biomes; five Caribbean island
biomes with moist forests; Mediterranean forests of Baja California
with deserts/xeric shrublands; Colombia and Venezuela deserts/xeric
shrublands with dry forests; Bolivian Montane and Chiquitano dry for-
estswith Dry andHumid Chaco dry forests; Andean yungasmoist forests
with Chaco/Chiquitano dry forests; Brazilian Chiquitano dry forests with
Cerrado savannas/shrublands; and, Brazilian Atlantic dry forests with ei-
ther Cerrado savannas/shrublands or Caatinga deserts/xeric shrublands,
depending on largest surrounding area. Biomes with municipality bor-
ders, in turn, were grouped into nine regional zones. This created a
total of 26 separate zone-biome areas used for mapping, hereafter called
“map regions” (Figs. 1 and 2).

http://www.obt.inpe.br/prodes


Fig. 1. Biomes and their zones (large numbers on white background) used to map land-use/land-cover from separate Random Forests classifiers. Biome abbreviations are presented
in Table 1 and follow Olson et al. (2001).
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2.2. MODIS satellite imagery and processing

2.2.1. MOD13Q1 product
We used the MODIS MOD13Q1 Vegetation Indices 250-m product

(Collection 5) for LULC classification (Huete et al., 2002; Solano et al.,
2010). The product is a 16-day composite of the highest-quality pixels
from daily images and includes the Normalized Difference Vegetation
Index (NDVI), Enhanced Vegetation Index (EVI), blue (459–479 nm),
red (620–670 nm), near infrared (NIR: 841–876 nm), and mid-infrared
(MIR: 2105–2155 nm) reflectance, and other quality and parameter
layers, with 23 scenes per year. The pixel size of all bands is
231.7 m, although the blue and MIR bands are resampled from
their native resolution of 463.4 m. In our analysis, we used 39
MODIS tiles that cover LAC (Fig. 1) with all scenes from years 2001
to 2010 (n=39 tiles×23 scenes/yr×10 yr=8970 scenes). MOD13
scenes were reprojected from their native Sinusoidal projection to
the Interrupted Goode Homolosine projection (sphere radius of
6,378,137.0 m) using nearest-neighbor resampling. The original
cell size of 231.7 m was maintained in the reprojection.

2.2.2. Annual statistics
Temporal statistics (i.e., metrics) computed from the MOD13 time

series were used as predictor variables in our classifier. This approach
has been used in previous broad-scale mapping with time-series data
(Clark et al., 2010; Colditz et al., 2011; Conrad et al., 2011; DeFries et
al., 1997; Hansen et al., 2005). For each pixel, we calculated the statis-
tics mean, standard deviation, minimum, maximum and range for
EVI, and red, NIR and MIR reflectance values from calendar years
2001 to 2010. These statistics were calculated for three 4-month,
two 6-month, and one 12-month periods in a calendar year (Fig. 2).
The MOD13Q1 Pixel Reliability layer, a summary quality layer derived
from a more detailed VI Quality Assessment Science Data Sets (QA SDS)
layer, was used to remove no data (value=−1) and cloud-covered sam-
ples (value=3) prior to calculating statistics. If there were fewer than
two valid samples available for any 4-, 6-, or 12-month period for a
given year, then the statistics were given null values for the period.
Note that the Pixel Reliability flag value of 2 indicates samples withmar-
ginal reliability and additional bits in the detailed QA SDS layer indicate
underlying issues. As in Clark et al. (2010), we did not filter samples
using Pixel Reliability flag value 2 (nor its underlying QA SDS bits) as
we wanted more samples for temporal statistics. Spurious samples
influenced heavily bymarginal samples were either filtered by our outli-
er removal step or minimized in influence by our tree-based classifier
(Section 2.5). Furthermore, previous studies indicate that time series
quality is not critical when using temporal metrics (Colditz et al., 2011),
as done in our study.

2.3. Land-use/land-cover class definitions

We used the class definitions introduced in Clark et al. (2010) and
summarized in Appendix A. This classification scheme provides eight
basic LULC classes that can be reliably interpreted from high-
resolution imagery (Clark & Aide, 2011; Section 2.4) and are useful for
regional land-change analysis. There were seven classes defined by
areas with ≥80% cover of woody vegetation (Woody — trees and
shrubs), herbaceous vegetation (Herb— pastures and grasslands), agri-
culture (Ag — annual crops), plantations (Plantation — perennial agri-
culture), built-up areas (Built — man-made or artificial structures),
bare areas (Bare — exposed soil, rock), and water (Water — lakes,
large rivers). Areas with Woody mixed with Bare, Herb or Ag, all with
less than 80% cover, were assigned to a mixed-woody vegetation class
(MixWoody).
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Fig. 2. Overview of the land-use/land-cover mapping process.
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Although land change applications would find utility in accurate
maps with all eight classes, we found in the current study that not all
of these classes could bemapped with high accuracy in several map re-
gions due to class confusion. We thus performed a post-classification,
reclassification of our maps into a five-class scheme: Ag/Herb, Bare/
Built,MixWoody/Plantation,Water, andWoody. The decision to combine
classeswas based on observed inter-class confusion, aswell as the func-
tional use of the final maps. We were particularly interested in woody
vegetation change, and so this class was not combined with another
class since it had relatively high accuracy across regions. For our pur-
poses, the difference between Bare and Built was not important for
broad land change analysis, as our research interests focus on woody
vegetation rather than urbanization and desertification. Ideally, Ag/
Herb and MixWoody/Plantation would have been mapped separately,
but combining these classes made functional sense and helped improve
map accuracy.

2.4. Reference data

Reference data for classifier training and accuracy assessment were
collected with human interpretation of natural color (pan-sharpened),
high-resolution imagery in Google Earth (GE, earth.google.com) that
had an acquisition year displayed (Fig. 2). Most of this imagery in our
study area is from Digital Globe's QuickBird (www.digitalglobe.com)
and GeoEye's IKONOS (www.geoeye.com) commercial satellites.
Reference data collection was facilitated with an automated Web-based
system called the Virtual Interpretation of Earth Web-Interface Tool
(VIEW-IT; Clark & Aide, 2011), with interpretation criteria and error-
checking protocols following those in Clark et al. (2010) and
Section 2.3. Within VIEW-IT, samples were grids of 250×250-m,
the nominal size of theMODIS data. Sampleswere located both random-
ly and manually within major LULC class types across LAC (Clark & Aide,
2011). Sample centers were snapped to the closest MODIS pixel center,
and no sample was closer than 1000 m to a neighboring sample. Within
a sample grid, two interpreters noted the acquisition year of the GE high
resolution image, whichmust be read from the image window, and esti-
mated percent cover of LULC classes (Section 2.3), excludingMixWoody.
If two interpreters agreed on majority cover and GE image year for a
sample, then their percent cover estimates were averaged. For 10% of
the samples, interpreters disagreed on majority cover or year (mostly
cover) and an expert then estimated the final class cover and recorded
the year (Clark & Aide, 2011). There were situations when an
interpreter's percent cover estimates had no clear majority class (e.g.,
50% cover of two classes, or 40%, 40%, 20% cover of three classes). If one
interpreter had a clear majority in a class, and this class was one of the
tied classes from the other interpreter, then the sample was considered
as having an interpreter agreement and percent cover estimates were
averaged (Clark & Aide, 2011).

A team of 23 students and seven expert interpreters collected
44,760 reference samples in VIEW-IT for GE images from years 2001

http://www.digitalglobe.com
http://www.geoeye.com
image of Fig.�2
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to 2010 (subset of dataset described in Clark & Aide, 2011). We also
collected 2412 samples (5%) from the Dry Chaco ecoregion (Clark et
al., 2010) and Mexico (Bonilla-Moheno et al., 2012) using interpreta-
tion grids overlaid in the standard GE application. Combined, we had
a total of 47,172 reference samples (Table 2, Fig. 2), with 39% from
random sampling and 61% from manual placement by a single inter-
preter. Eighty-two percent of samples were interpreted from GE high
resolution images from years 2003 to 2007 (see Clark & Aide, 2011).
Samples were assigned to classes based on the ≥80% cover threshold
discussed in Section 2.3. Samples with b80% cover of Woody, Bare,
Herb or Ag were assigned to MixWoody. All other mixed-cover sam-
ples were removed from the analysis. With the 80% majority thresh-
old, 1388 (3%) of our samples were removed because they had
mixed classes but were not considered MixWoody, leaving 45,784
samples (Table 2, Fig. 2).

Predictor variables (e.g. MODIS-based 4-, 6- and 12-month statis-
tics for EVI, red, NIR and MIR, Section 2.2) were matched with the
year of each GE reference sample only (Fig. 2), but not for other
years. For example, a Plantation sample interpreted from a GE image
from year 2009 would be matched with its MODIS-based predictor
variables from year 2009 only. Note that VIEW-IT does not allowmul-
tiple interpretations of samples in the same location through time
(Clark & Aide, 2011), and so land-cover changes in any sample before
or after its interpretation year will not be included in the reference
data. However, our samples had wide spatial coverage and could
range from years 2001 to 2010, depending on GE image availability;
and thus, a major benefit of our approach is that pooled samples in-
clude a range of spectral–temporal properties for each class. For
example, samples with vegetation include variability from differences
in species composition, structure and phenological response to
inter-annual climate fluctuations.

Samples with null values for 4- or 6-month statistics were re-
moved from the reference dataset. This filter eliminated 2625 (6%)
of our samples, leaving 43,159 (Table 2, Fig. 2). Across map regions,
samples that were removed tended to have no to little vegetation
and came mainly from Bare, Built, and Water areas. These samples
often had MOD13 data with poor reliability due to their highly
absorptive (Water) or reflective (Bare, Built) surfaces. Despite tempo-
ral compositing and our liberal Pixel Reliability filter (inclusion of
value=2), cloud cover was another factor that reduced samples across
classes, particularly in moist forests of the Amazon basin to Andean
foothills (Zones 4 and 6).

2.5. Classification of land-use/land-cover with Random Forests

Wemapped LULC with the Random Forests (RF) tree-based classifier
(Breiman, 2001), which buildsmultiple decision trees frombootstrapped
sampling of the reference data. A final class is determined from the ma-
jority vote of the ensemble, or forest of decision trees. In constructing
an individual tree, the RF routine samples are roughly 2/3 of the reference
data with replacement, while 1/3 of the reference data are withheld for
accuracy assessment (these are “out-of-bag” or OOB samples). The OOB
Table 2
Total reference sample counts summarized by final class label. From the original samples,
assigned to the class with 80% majority cover, while remaining samples were labeled MixWoo
and, 3. removal of outlier samples by the Random Forests classifier.

Filter/class Ag Bare Built Herb

Original majority cover class 5740 2141 3613 10,522
80% cover class 5470 1980 3275 8275
Annual statistics 5331 1652 2838 7908
Outliers — final 5140 1561 2647 7958
Percent of total samples used 13% 4% 7% 20%

⁎ NoMaj = samples with no majority of percent cover in one of the seven interpreted cla
the 80% threshold was applied while 10% were removed from analysis.
samples are sent down trees forwhich theywere not used, and the differ-
ence between the predicted and actual class is used to calculate an error
matrix and unbiased estimate of accuracy (Breiman, 2001).

Our RF mapping method is similar to Clark et al. (2010) for the Dry
Chaco ecoregion in South America, withmodifications detailed below.
First, we combined the Dry Chaco ecoregion with the Humid Chaco
and Chiquitano dry forests ecoregions, as they are in the same
biome and adjacent to each other. Second, we removed terrain vari-
ables (elevation, slope), as experiments in the Dry Chaco and the
four biomes of Mexico proved that these variables added little or de-
creased classification accuracy. Third, we replaced TIMESAT pheno-
logical variables with 4- and 6-month statistics, which proved
simpler to implement over larger areas and produced similar accura-
cy in Dry Chaco and Mexico experiments. Finally, we did not use a
temporal filter to remove disallowed LULC class transitions used in
our previous study, as we felt it was too dependent on the classification
accuracy of the first year. Instead, we use regression-based estimation
of areas in municipalities to account for pixel-level misclassifications
and spurious inter-annual variation (Section 2.6).

The RF classifier was implemented using 64-bit R (v. 2.12.2; R
Development Core Team, 2011) and the randomForest package
(v. 4.6-2; Liaw & Wiener, 2002) with 1999 decision trees, a mini-
mum of 5 samples in terminal nodes (nodesize=5), and 11 vari-
ables randomly sampled as candidates at each split (120 variables,
sqrt(120)=11— the default setting). Reference samples were assigned
to a map region, and RF classifiers were based on samples pooled from
all years for each map region (Table 3, Figs. 1 and 2). For each map re-
gion, a preliminary RF was generated using reference samples with
valid 4-, 6- and 12-month statistics across the four MOD13 bands
(n=120, Fig. 2). Samples from all eight classes were used in RF, except
for Beni savanna (Zone 4), Atlantic moist forests (Zone 7), Uruguayan
savanna (Zone 7) and Pantanal (Zone 8), which had some classes
removed due to lack of representative samples in these regions
(Table 3 — zero sample counts). The outlier function in randomForest
was used to eliminate reference samples with an outlier metric greater
than 10 (Breiman, 2001). Thisfilter removed 2727 samples (6%),mostly
Water and Woody, leaving 40,432 total reference samples (Table 3,
Fig. 2). A primary mapping RF was generated for each map region
using this filtered (outlier removed) reference dataset (Fig. 2). A sec-
ondary RF for each map regions was also generated from this dataset
but using just the 12-month statistics for the four bands (n=20, Fig. 2).

We used R and the RGDAL library to apply the RF objects to every
pixel in MODIS tiles covering map regions for each year, 2001 to 2010
(Fig. 2). For a given year, if a pixel had valid 4-, 6- and 12-month sta-
tistics, then the class was assigned based on the primary RF; the sec-
ondary RF was applied to pixels that had only valid 12-month
statistics; and, the pixel was assigned a No Data value if it had no
valid predictor variables (e.g., in general, highly reflective areas such
as salt playas and glaciers). Pixels with ≥4 No Data values over
10 years were set to a null value and excluded from our maps; this
only affected an average of 65 pixels per year. The final mapped
MODIS tiles for each map region were then mosaicked together and
pooled from all years (2001–2010), a series of filters were applied: 1. samples were
dy; 2. removal of samples with less than two MODIS dates for 4- and 6-month statistics;

MixW Plant Water Woody NoMaj* Total

0 2682 5576 15,948 950 47,172
5285 2557 5448 13,494 0 45,784
5131 2516 4766 13,017 0 43,159
5040 2451 4151 11,484 0 40,432
12% 6% 10% 28% 0% 100%

sses (e.g., 50% Herb, 50% Woody); 90% of these samples were labeled as MixWoody once



Table 3
Zone-biome map regions and total sample counts used in each separate Random Forest (n=26). These include only filtered samples and are pooled across all years (2001–2010).

Zone Geographic region Ag Bare Built Herb MixW Plant Water Woody Total

Moist forests
1 Mexico 214 7 107 199 221 128 126 348 1350
2 Central America 235 9 78 491 279 200 159 623 2074
3 Northern South America 334 9 131 327 151 77 309 797 2135
4 Western South America 46 28 89 294 266 19 44 412 1198
6 Amazon basin 44 75 58 792 379 86 823 2794 5051
7 Atlantic moist forest — Brazil 133 0 84 243 88 91 91 292 1022
9 Caribbean — all biomes 246 46 165 190 243 199 111 288 1488

Dry forests
1 Mexico 196 9 112 116 255 68 150 667 1573
2 Central America 152 27 71 213 212 79 106 206 1066
3 Northern South America 279 75 147 380 187 96 239 422 1825
4 Western South America 70 41 16 9 46 16 23 110 331
8 Chaco/Chiquitano — Argentina, Bolivia, Paraguay 734 97 184 683 389 164 214 1401 3866

Conifer forests
1 Mexico 191 20 126 175 290 58 101 580 1541
2 Central America 174 12 122 235 390 158 115 214 1420

Temperate forests
5 Southern South America 101 158 50 553 242 54 309 494 1961

Savannas/shrublands
3 Northern South America — Llanos 201 32 42 378 116 42 154 167 1132
4 Beni savanna — Bolivia 0 0 0 215 33 0 108 125 481
6 Cerrado — Brazil 308 12 121 287 257 134 136 210 1465
7 Uruguayan savanna ecoregion 142 92 106 129 0 169 81 151 870

Pampas
5 Pampas and Patagonia — Argentina 534 91 242 1198 261 217 343 146 3032

Pantanal
8 Pantanal — Brazil, Bolivia 0 0 0 168 49 0 81 131 429

Montane grasslands/shrublands
4 Andean puna — Argentina, Chile, Bol., Peru 52 210 84 238 58 40 103 27 812

Mediterranean forests
5 Chilean mattoral 86 28 37 62 102 109 30 111 565

Deserts/xeric shrublands
1 Mexico 384 99 298 265 379 68 113 641 2247
4 Western South America coast 192 369 99 14 12 59 14 10 769
6 Caatinga — Brazil 92 15 78 104 135 120 68 117 729

89M.L. Clark et al. / Remote Sensing of Environment 126 (2012) 84–103
clipped to the region's boundaries, and all map regions were then
mosaicked into final annual land-use/land-cover maps for LAC
(Fig. 2).

A class “confidence” map was also produced for each map region,
for each year. This map indicates, on a per-pixel basis, the percentage
of votes for the majority class (i.e., the class chosen for the pixel) out
of the 1999 total votes from the RF decision trees. A relatively high
confidence indicates a more likelihood that the class is correct as
there was a clearer majority vote by the ensemble of trees. Confi-
dence was assigned to each map pixel based on either the primary
or secondary classifier, depending on which classifier was used
based on variable availability. For each map region, we averaged the
confidence for each class by year (2001 to 2010). These ten class con-
fidence averages where then averaged to produce an overall class
confidence for each map region.

2.6. Accuracy assessment

Accuracy assessment of maps was based on RF OOB samples
(Section 2.5), an approach that has been shown to have minimal
bias (Breiman, 2001; Clark et al., 2010). Error matrices were comput-
ed from OOB samples from each RF for a map region (n=26), from
which overall, producer's (omission) and user's (commission) accu-
racies were derived. To discuss general confusion among individual
classes across regions, we pooled all OOB samples resulting from indi-
vidual RF into a global error matrix, for both the eight and five class
schemes. In contrast to most remote sensing applications that sum-
marize map accuracy for a single year, our samples were from all
years from 2001 to 2010, and so our accuracy statistics represent a
general error across both space and time (Clark & Aide, 2011; Clark
et al., 2010). We had insufficient samples for each year to perform
an accuracy assessment for each annual map, which is a limitation
of our reference data resulting from our time investment. More samples
could be collected in VIEW-IT to overcome this limitation, particularly
for years with more GE images (Clark & Aide, 2011; Section 2.4).

2.7. Analysis of trends in LAC municipalities, 2001 to 2010

To present trends in land change for all of LAC over the last decade,
we focused on three classes from our five-class scheme: Ag/Herb,
MixWoody/Plantation and Woody. Municipality polygons (n=16,050)
were overlaid on our mosaicked LULC maps, 2001 to 2010. For each
municipality, a linear regression of class area (dependent variable)
against time (independent variable, 10 years) was conducted (16,050
municipalities×3 classes=48,150 models). If more than 1% of the
total municipality area had pixels mapped as No Data for a given year,
then the land-cover data for that year were removed from the regres-
sion. Note that total municipality area was based on all pixels with a
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LULC class value or NoData, but not null values (Section 2.5). For a given
class, regression models were only fit for municipalities that had three
ormore years with valid area data. Absolute areas of classes were calcu-
lated for 2001 and 2010 using estimates from the linear regression
model developed for each municipality, and included years removed
from the model due to high levels of No Data pixels.

2.8. Comparison of trends with PRODES in the Brazilian Legal Amazon

As a check on our municipality-scale trends in forest cover, we fo-
cused on the Legal Amazon region of Brazil located within Zone 6
moist forests and the northern portions of Cerrado savannas/
shrublands and Zone 8 Pantanal. The Brazilian government has
mapped this area annually using Landsat imagery from 2000 to present
as part of the PRODES program (www.obt.inpe.br/prodes). Area of for-
est (“floresta” class) from the vector polygon PRODES data was summa-
rized bymunicipality for years 2001 to 2009 (2010was not complete at
the time of our analysis). For each year, clouds and areas not mapped
due to missing Landsat imagery were treated as No Data. We first com-
pared PRODES forest area to our maps of tree cover (Woody alone and
Woody+MixWoody+Plantation combined) for areas that had valid
data in both 2001 and 2009. Next, we applied a linear regression analy-
sis to PRODES forest area for years 2001 to 2009, using the same filter of
≤1%municipality area filled with No Data per year used with ourmaps
(Section 2.7). In addition,we selected for comparison only thosemunic-
ipalities that had six or more valid years for the regression model and
included forest area in years 2001 and 2009 (n=298). PRODES forest
area change and nine-year trends were compared to our data, using
classes Woody and Woody+MixWoody+Plantation, with regressions
based on 2001 to 2009 data (Section 2.7).

3. Results

3.1. Map accuracy and confidence

Across the 26 map regions, overall accuracy for the primary RF
with eight LULC classes was on average 80.2±8.1% (Table 4), with a
low of 65.1% in the Caribbean (Zone 9 — Moist Forests) and a high
of 97.1% in the Uruguay savannas (Zone 7 — Savannas/Shrublands).
Over ten years, each map region had an average of 6.9% of pixels
mapped with a secondary RF (Appendix B). These were pixels that had
many unreliable MOD13 data points for a calendar year, preventing the
calculation of 4- and 6-month statistics, typically due to persistent
cloud cover. For example, western South American dry forests (Zone 4)
had the highest average percentage of pixelsmappedwith the secondary
RF (avg. 45.8±5.9% pixels from 2nd RF), likely because it includes a
coastal region in Peru with a persistent marine cloud layer. This means
that large swaths of the regionweremappedwith a slightly inferior, sec-
ondary classifier that had overall 3.9% less accuracy (Appendix B). In gen-
eral, the primary RF had consistently higher overall and individual class
accuracy for all map regions (0.4% to 6.5% higher overall accuracy); and
since these were the dominant classifiers used in all map regions, we
focus the remaining results on primary RF.

Overall accuracy of primary RF varied within and among biomes
(Table 4). For example, classes in Mexico moist forests had lower ac-
curacy (73.0%, Zone 1) than the Amazon basin moist forests (90.6%,
Zone 6). Given the distinct absorptive properties of water, this class
was well classified with an average >98% user and producer's accura-
cy. Individual class accuracy for Woody was relatively high, with pro-
ducer and user's accuracy >80% for most map regions. In general,
Woody had lower accuracy in non-forest biomes, which had relatively
few samples from this class, particularly pampas of Argentina (Zone 5),
montane grasslands/shrublands (Zone 4), and deserts/xeric shrublands
of western and eastern South American coasts (Zones 4 and 6). Individ-
ual class accuracy for theMixWoody and Plantation classes were gener-
ally low, with an average 40.6% and 53.2% producer's accuracy,
respectively, across all map regions. In general,MixWoodywas confused
with Herb and Woody, and to a lesser extent Ag (Table 5), which was
expected sinceMixWoody pixelswere a blend ofwoody and herbaceous
vegetation and could include fine-scale agriculture. Plantation tended to
be confused with Ag, Herb, MixWoody, and Woody — classes with chlo-
rophyll. Plantation pixels were highly diverse, included a wide range
of productive land use from vineyards, to orchards, bananas and pine
plantations, and had high variation in plant spacing and cover. It is ap-
parent that the regional spectral–temporal diversity within Plantation,
combined with relatively low number of available reference samples
(Table 3), greatly limited our ability to map this class accurately.
There were no consistent patterns to Ag, Herb, and Bare class accuracies
across map regions, and on average accuracies were near 70% (Table 4).
In general, Ag was mostly confused with Herb, and Herb was confused
with both Ag and MixWoody in similar proportions (Table 5). Built-up
areas were classified with on average 84.1% and 83.1% producer and
user's accuracy (Table 4), respectively, with no consistent trends across
map regions. When reviewing the classified maps, we found that in
drier biomes some bare areas were mapped as built-up. This problem
varied from year to year, but is particularly evident in the year 2010
map (Fig. 3) for deserts/xeric shrublands of the western South America
coast (Zone 4) and northern Mexico (Zone 1). This is likely because
built-up areas in these dry biomes often had building materials and
unpaved, dirt streets that are spectrally similar to bare soil and playas.

For each map region, we calculated the average class confidence of
all years (Section 2.5, Appendix C). Considering all map regions, aver-
age confidence was typically high for Water (mean=78.9±11.2%)
andWoody (mean=68.2±14.7%), indicating that when these classes
were mapped, the decision was relatively confident as it was based on
a strong majority of votes. This result coincides with the finding that
Water and Woody had relatively high map accuracy across map re-
gions (Table 4). In contrast, the other classes were generally mapped
based on a 46% to 56% majority vote. In particular, MixWoody and
Plantation generally had low confidence relative to other classes
(Appendix C). This indicates poor confidence in these map classes
and coincides with their lower accuracies (Table 4). An example
class confidence map is shown for year 2010 (Fig. 4), coinciding
with the LULC classified map (Fig. 3). The Amazon basin (Zone 6)
was the most prominent area of high map confidence, mostly due to
large swaths of closed-canopy moist forest (Woody). Drier map regions
with more MixWoody, such as deserts/xeric shrublands of Mexico
(Zone 1) and Cerrado savannas/shrublands and Caatinga deserts/xeric
shrublands of Brazil (Zone 6), had large areaswith lowermap confidence
(Fig. 4).

There were also seams between map regions in the classified map
and corresponding confidence maps, e.g., between Cerrado, Caatinga
and the Amazon basin (Figs. 3 and 4). This result indicates that differ-
ences in training data among map regions lead to variation in RF class
decision rules and confidence for pixels with similar metrics, which is
a clear disadvantage of using independent regional classifiers rather
than a single global classifier. We eliminated some seams by condens-
ing similar ecoregions into larger map regions while not sacrificing
accuracy, e.g., Dry Chaco/Humid Chaco/Chiquitano dry forests (Zone 8).
However, our experiments indicated that Cerrado/Caatinga map accura-
cywas superiorwith these areas as separate regions, andwe found a sin-
gle, LAC-wide RF classifier produced inferior maps and lower overall
accuracy. By analyzing trends within municipalities we reduce some of
the impact of these differences among map regions, as data from each
municipality comes from a single RF—map region borders followedmu-
nicipality borders. However, we acknowledge that sharp changes in class
characteristics betweenmap regions are disadvantageous and further re-
search should seek to reduce these artifacts.

We performed a post-classification, reclassification of our maps into
a five-class scheme (Ag/Herb, Bare/Built, MixWoody/Plantation, Water,
and Woody) to boost accuracy while maintaining functionally-useful
classes for tracking change (Section 2.3). MixWoody and Plantation

http://www.obt.inpe.br/prodes


Table 4
Overall and class producer and user accuracies for all 26 map regions (zone_biome). Colors range from red (b60% accuracy) to dark green (100% accuracy) [online version].
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Moist forests

Zone 01 73.0 79.9 42.9 100.0 57.3 52.0 48.4 100.0 82.5 63.8 100.0 91.5 59.7 58.1 83.8 94.7 78.4 79.7 86.2 96.5 56.4 100.0 82.5 77.6 91.7 72.4 94.7 78.4
Zone 02 77.2 52.3 33.3 74.4 81.1 43.0 59.5 100.0 99.7 69.5 100.0 84.1 61.2 60.6 77.8 98.8 93.7 85.2 88.0 73.6 59.3 100.0 99.7 77.3 88.9 80.9 98.8 93.7
Zone 03 83.2 83.5 11.1 93.9 65.4 30.5 13.0 100.0 99.6 71.2 100.0 86.6 66.0 48.4 83.3 99.0 92.6 89.2 90.5 91.4 33.3 100.0 99.6 83.5 89.5 71.0 99.0 92.6
Zone 04 73.5 2.2 46.4 75.3 69.0 59.8 26.3 90.9 95.4 50.0 86.7 74.4 59.2 64.4 0.0 93.0 86.8 77.5 71.2 73.5 58.6 90.9 95.4 70.1 81.9 66.3 93.0 86.8
Zone 05 90.6 18.2 57.3 67.2 85.6 47.2 17.4 99.9 100.0 88.9 93.5 73.6 74.5 60.7 78.9 95.8 97.7 92.2 86.5 64.7 49.7 99.9 100.0 78.7 86.9 73.6 95.8 97.7
Zone 06 78.8 56.4 n/a 98.8 89.3 20.5 40.7 100.0 97.3 82.4 n/a 91.2 64.2 42.9 82.2 100.0 87.7 85.8 93.6 98.8 37.4 100.0 97.3 82.1 91.2 77.0 100.0 87.7
Zone 07 65.1 80.1 71.7 96.4 33.7 44.0 39.2 100.0 76.0 60.4 89.2 86.4 56.1 42.6 56.9 96.5 67.6 75.9 77.8 96.7 57.9 100.0 76.0 77.0 92.3 66.0 96.5 67.6
Dry forests

Zone 01 83.7 98.5 44.4 95.5 36.2 59.2 39.7 100.0 96.4 94.1 66.7 85.6 68.9 61.4 75.0 98.7 86.7 86.0 76.3 92.6 64.7 100.0 96.4 89.5 85.5 74.1 98.7 86.7
Zone 02 79.3 72.4 70.4 93.0 74.2 67.5 73.4 99.1 90.3 76.9 86.4 89.2 72.1 69.1 80.6 95.5 84.9 84.5 84.7 89.8 73.2 99.1 90.3 85.4 91.7 76.3 95.5 84.9
Zone 03 74.0 62.0 77.3 87.1 71.3 23.5 50.0 100.0 92.4 69.2 80.6 75.3 56.2 62.0 76.2 100.0 81.6 82.0 87.3 90.1 32.5 100.0 92.4 78.6 82.6 68.7 100.0 81.6
Zone 04 80.4 92.9 97.6 37.5 11.1 43.5 62.5 100.0 91.8 84.4 88.9 60.0 100.0 52.6 71.4 100.0 82.1 82.5 83.5 89.5 51.6 100.0 91.8 84.6 92.7 61.5 100.0 82.1
Zone 05 79.6 80.2 75.3 89.1 67.3 35.5 37.2 100.0 98.3 78.1 81.1 79.2 62.1 58.7 82.4 99.1 88.9 86.1 90.1 87.2 38.7 100.0 98.3 85.4 82.5 69.3 99.1 88.9
Conifer forests

Zone 01 73.2 79.6 40.0 94.4 54.9 37.9 63.8 99.0 87.2 77.6 80.0 87.5 57.1 49.5 88.1 97.1 76.2 76.6 78.7 89.7 44.8 99.0 87.2 79.1 89.7 59.1 97.1 76.2
Zone 02 81.8 67.2 66.7 100.0 73.6 84.4 93.7 100.0 70.1 84.8 100.0 94.6 72.7 76.0 84.6 100.0 81.5 85.6 82.6 97.0 88.0 100.0 70.1 89.9 94.9 79.3 100.0 81.5
Temperate forests

Zone 0 87.4 77.2 98.7 60.0 92.4 52.1 40.7 100.0 97.4 86.7 97.5 90.9 80.1 73.7 91.7 100.0 89.7 88.9 93.9 89.4 52.0 100.0 97.4 84.3 96.4 79.0 100.0 89.7
Savannas/shrublands

Zone 03 79.9 82.6 84.4 52.4 88.1 28.4 23.8 100.0 95.8 76.5 100.0 75.9 73.2 64.7 100.0 98.1 86.0 86.1 97.4 67.6 29.7 100.0 95.8 83.9 89.3 77.0 98.1 86.0
Zone 04 94.6 n/a n/a n/a 99.5 24.2 n/a 100.0 100.0 n/a n/a n/a 90.3 88.9 n/a 100.0 98.4 94.6 99.5 n/a 24.2 100.0 100.0 90.3 n/a 88.9 100.0 98.4
Zone 06 76.7 100.0 100.0 99.2 74.9 52.5 51.5 100.0 61.0 96.6 100.0 93.8 69.4 47.0 84.1 100.0 67.0 79.4 88.6 99.2 61.4 100.0 61.0 83.8 94.3 65.0 100.0 67.0
Zone 07 97.1 98.6 100.0 99.1 92.2 0.0 98.2 100.0 94.0 94.6 98.9 100.0 97.5 0.0 96.0 98.8 96.6 98.3 98.9 100.0 98.2 100.0 94.0 99.3 100.0 96.0 98.8 96.6
Pampas

Zone 05 79.5 76.2 81.3 95.5 90.2 23.4 66.4 100.0 48.6 82.4 94.9 86.2 72.5 59.2 87.8 99.4 78.9 85.9 96.5 93.4 43.3 100.0 48.6 84.2 89.9 77.5 99.4 78.9
Pantanal

Zone 08 92.8 n/a n/a n/a 97.0 49.0 n/a 100.0 99.2 n/a n/a n/a 91.6 80.0 n/a 100.0 92.9 92.8 97.0 n/a 49.0 100.0 99.2 91.6 n/a 80.0 100.0 92.9
Montane grasslands/shrublands 

Zone 04 78.6 69.2 91.0 71.4 86.1 8.6 87.5 100.0 11.1 76.6 82.0 74.1 74.8 33.3 83.3 95.4 25.0 83.6 87.9 94.2 41.8 100.0 11.1 79.4 88.2 71.9 95.4 25.0
Mediterranean forests

Zone 05 78.4 67.4 78.6 83.8 61.3 73.5 72.5 100.0 99.1 77.3 81.5 79.5 64.4 66.4 73.8 100.0 95.7 81.4 66.2 87.7 78.2 100.0 99.1 73.1 86.4 75.0 100.0 95.7
Deserts/xeric shrublands

Zone 01 69.4 85.9 73.7 84.9 24.2 43.0 29.4 99.1 84.9 74.7 79.3 73.3 42.4 48.8 80.0 94.1 73.6 72.5 69.5 84.1 42.1 99.1 84.9 76.1 76.4 52.4 94.1 73.6
Zone 04 89.3 98.4 99.5 79.8 0.0 0.0 61.0 92.9 30.0 84.8 95.1 84.0 0.0 0.0 76.6 92.9 75.0 92.7 92.7 99.1 59.2 92.9 30.0 85.7 96.7 87.5 92.9 75.0
Zone 06 68.0 46.7 100.0 89.7 56.7 53.3 80.8 100.0 61.5 60.6 100.0 77.8 59.0 52.9 72.9 100.0 62.1 73.7 66.3 91.4 71.4 100.0 61.5 76.0 81.0 67.7 100.0 62.1
Average 80.2 72.0 71.4 84.1 66.6 40.6 53.2 99.3 83.1 77.6 90.5 83.1 67.1 54.7 77.8 98.0 81.8 84.6 85.8 89.1 53.7 99.3 83.1 82.6 89.2 73.6 98.0 81.8
Standard deviation 8.1 24.0 25.1 16.6 26.6 21.0 23.7 2.2 23.2 11.5 9.5 9.0 19.3 20.3 18.7 2.4 15.2 6.5 9.9 9.9 17.9 2.2 23.2 6.4 5.6 9.4 2.4 15.2

100% 90% 80% 70% 60%

*See high-resolution versions for color (online) and black and white (print).
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Table 5
Error matrices for all references samples classified by the primary Random Forest classifiers from all map regions. The top error matrix is for the original classifier with eight classes.
The bottom error matrix is the result of combining samples from the top matrix into five classes, without changing the underlying RF classifiers.

Reference

Ag Bare Built Herb MixW Plant Water Woody Total User

Classified Ag 4008 13 40 595 234 206 1 57 5154 77.8%
Bare 4 1335 55 59 22 1 2 3 1481 90.1%
Built 58 73 2349 174 114 17 1 23 2809 83.6%
Herb 793 57 149 6090 1277 296 1 131 8794 69.3%
MixWoody 134 30 40 714 2381 270 2 457 4028 59.1%
Plantation 79 1 4 57 96 1393 0 98 1728 80.6%
Water 8 51 1 21 4 0 4142 1 4228 98.0%
Woody 56 1 9 248 912 268 2 10,714 12,210 87.7%
Total 5140 1561 2647 7958 5040 2451 4151 11,484 40,432
Producer 78.0% 85.5% 88.7% 76.5% 47.2% 56.8% 99.8% 93.3% 80.2%

Reference

Ag/Herb Bare/Built MW/Plant Water Woody Total User

Classified Ag/Herb 11,486 259 2013 2 188 13,948 82.3%
Bare/Built 295 3812 154 3 26 4290 88.9%
MW/Plant 984 75 4140 2 555 5756 71.9%
Water 29 52 4 4142 1 4228 98.0%
Woody 304 10 1180 2 10,714 12,210 87.7%
Total 13,098 4208 7491 4151 11,484 40,432
Producer 87.7% 90.6% 55.3% 99.8% 93.3% 84.8%
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were both highly variable, mixed-pixel classes, and combining them
produced a class that was representative of large areas of LACwithmix-
tures of land cover below the 250-m scale of MODIS; relative to this
combined class, average MixWoody producer and user's accuracy in-
creased by 11.5% and 16.7%, respectively, while Plantation user and
producer's accuracy changed by 0.5% and −4.2%, respectively
Fig. 3. Land-use/land-cover for year 2010 m
(Table 4). The combined class of MixWoody/Plantation still included
substantial confusion with Ag/Herb and Woody (Table 5). Although it
was desirable to distinguish agriculture from pastures and grasslands
in land change maps, these classes were difficult to consistently sepa-
rate without more detailed spectral–temporal analysis; on average,
the combined Ag/Herb class had 13.8% and 5.0% improved producer's
osaicked from all 26 mapping regions.



Fig. 4. Confidence in the year 2010 map class based on percent of majority votes from the Random Forests classifier (High, 100% = all 1999 RF trees voted for the final class).
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accuracy and 19.2% and 15.4% improved user's accuracy relative to the
individual Ag and Herb classes, respectively (Table 4), and remaining
confusion was mainly with MixWoody/Plantation (Table 5). Combining
Bare and Built increased accuracy relative to the individual classes, espe-
cially for bare areas (Tables 4 and 5).

The remaining results and discussionwill focus on thefive-classmaps,
which had an average overall accuracy of 84.6±6.5% (Table 4). Overall
accuracywas lowest (72.5%) in northernMexico deserts/xeric shrublands
(e.g., Chihuahua and Sonora deserts; Zone 1) and the Caribbean islands
“moist forests” map (75.9%; Zone 9), which in actuality was a region of
several biomes but dominated bymoist and dry forests. The highest over-
all accuracy was in savannas/shrublands of Zone 4 (94.6%) and Zone 7
(98.3%), which are the relatively homogeneous landscapes of Beni and
Uruguayan savanna ecoregions, respectively.

3.2. Municipality-scale comparison of forest cover trends with PRODES

Within the municipalities of the Brazilian Legal Amazon, PRODES
data had 5.2% and 4.2% cloud cover and 6.8% and 0.2% area as No Data
in 2001 and 2009, respectively; in contrast, our MODIS-based maps
had negligible areas of the region mapped as No Data (b0.002%).
There was a 5.5% loss of forest between 2001 and 2009 in areas of
PRODES that had valid data in both years (Table 6). Considering the
same area of valid PRODES data, our data showed a 3.8% and 4.0% loss
of Woody and Woody+MixWoody+Plantation, respectively (Table 6).
Absolute area of PRODES forest cover was most similar to Woody in
both years.

Of the 746 municipalities included in the Brazilian Legal Amazon,
only 378 (51%) had PRODES data that met our criteria of having six
or more valid years of data (≤1% of municipality with No Data), and
of those, 298 municipalities (40% of total) included valid forest data
for both 2001 and 2009. These municipalities were mostly in the
southern region of the Legal Amazon where moist forests grade into
Cerrado forests, concentrated in the states Rondônia and Mato Grosso,
with smaller portions of Para, Tocantins and Maranhao. Municipalities
in the northern part of the Legal Amazon (Amazonas, Roraima, Para,
Amapa states), which experience heavy cloud cover during the year,
had very few to no years where the municipality had ≤1% missing
data. There was a significant linear correlation between our estimates
of Woody and Woody+MixWoody+Plantation change and the PRODES
estimate of forest area change between 2001 and 2009 (r2=0.88,
pb0.0001, (Fig. 5) and r2=0.81, pb0.0001, respectively).

3.3. Land change between 2001 and 2010

From 2001 to 2010, we estimated a LAC-wide loss of 179,405 km2 in
closed-canopy (≥80%) woody vegetation (Woody) and 145,353 km2 in
open-canopy (20–80%) woody vegetation and plantations (MixWoody/
Plantation; Table 7 — LAC Total). This loss of woody vegetation was ac-
companied by an overall gain of 359,738 km2 of agriculture and herba-
ceous vegetation (Ag/Herb). Geographic regions within LAC did not all
share the same trajectories in land change (Table 7, Figs. 6 and 7). For ex-
ample, South America had the largest share of Woody and MixWoody/
Plantation loss by area – largely deforestation – and the greatest area of
Ag/Herb gain. Given the size of the continent, these areas amounted to
an ~3% loss for each of the woody classes and ~6% gain for Ag/Herb. In
contrast, Mexico had a net 96,089 km2 gain in Woody (+10.1%), a
63,112 km2 loss in MixWoody/Plantation (−13.1%), and a 9488 km2

loss in Ag/Herb (−2.5%).

3.3.1. Moist forests
Over the last decade,five of the sevenmoist forestmap regions had a

net loss of closed-canopy forest (i.e., Woody), with a total net loss of
174,844 km2 across LAC (Table 7). The Amazon basin (Zone 6) had
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Table 6
Change in forest area (km2) in the Brazilian Legal Amazon based on PRODES and
MODIS-based Woody and Woody+MixWoody+Plantation. Data include only the area
(2,812,377 km2) with valid PRODES data in both year 2001 and 2009.

PRODES forest Woody MW+W+P

Area 2001 2,804,518 2,812,377 3,381,442
Area 2009 2,650,817 2,706,330 3,246,245
Area difference −153,701 −106,047 −135,196
Percent change −5.5% −3.8% −4.0%
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the highest area of deforestation of the all moist forests (−154,382 km2,
a −3.5% change). The Amazon basin also had a 61,177 km2 decrease in
MixWoody/Plantation, which is mainly a forest–agriculture/pasture land-
scape mosaic mixed within a pixel — often an intermediate step before
most trees are removed. As tree cover was removed from Woody and
MixWoody/Plantation, pixels ultimately went to agriculture and pastures
(Ag/Herb), which increased by an estimated 213,084 km2 over the de-
cade. Municipalities with high absolute area of forest loss and coincident
increases in Ag/Herb were concentrated in the “arc of deforestation”
hotspot in the Brazilian states of Amazonas, Rondônia, Mato Grosso
and Para (Fig. 6). Dynamic municipalities in the Amazon had geograph-
ically asymmetric rates of change in classes. The southwestern munici-
palities (States: Amazonas, Acre) had decreasing Woody that tended to
move into both MixWoody/Plantation and Ag/Herb, indicating a gradual
deforestation process with fine-scale forest mosaics. In contrast,
southern (States: Mato Grosso, Rondônia) and eastern (States: Para,
Maranhao, Tocantins) municipalities had both Woody and MixWoody/
Plantation area transition into Ag/Herb — trends that indicate more
large-scale deforestation. There was also a large cluster of municipalities
with significant Woody decline in the Alto Paraná Atlantic forests
ecoregion (Fig. 6; western edge of Zone 7; Argentina:Misiones province;
Paraguay: Alto Paraná, Caaguazú, Canindeyú, Guaira, Itapúa and San
Pedro departments; Brazil: Parana, Santa Catarina and Rio Grande Do
Sul states). The 230 municipalities in this Atlantic forests hotspot
averaged 670 km2 in size and so the loss ofWoody absolute area permu-
nicipality was relatively small; however, these municipalities had on av-
erage a 30% forest loss over ten years (Fig. 6, top). In the Paraguayan side
of this hotspot, there were significant declines in MixWoody/Plantation
along with Woody and increases in Ag/Herb, indicating that forest cover
underwent large-scale clearing. On the Argentine side of the hotspot,
Fig. 5. Comparison of municipality-level change inWoody area from MODIS (this study)
relative to forest change from PRODES from 2001 to 2009. In both cases, 2001 and 2009
area was estimated from municipality-level regression models using at least 6 years of
area data.
trends weremarkedly distinct. Most of theMisiones westernmunicipal-
ities had significant increases in MixWoody/Plantation and the eastern
municipalities also had significant increases in Ag/Herb.

There were hotspots of Woody loss in the moist forests of Mexico
(Zone 1) and Central America (Zone 2), which had a total decline of
7896 km2 (−5.0%) and 13,561 km2(−8.4%), respectively (Table 7,
Fig. 7). In Mexico, the total decrease in moist forest cover was associated
with increasingMixWoody/Plantation (+4907 km2) and little increase in
Ag/Herb (Table 7), although there were many municipalities in the
Yucatán Peninsula that had significant gains in bothMixWoody/Plantation
and Ag/Herb (Fig. 7); in contrast, Central America had an equal amount of
total MixWoody/Plantation loss (−13,410 km2) relative to Woody and a
large increase in Ag/Herb (+26,389 km2), indicating intensive deforesta-
tion leading to cattle pastures and agriculture. Municipalities with signif-
icant rates of deforestation were in Atlántico Norte and Atlántico Sur of
Nicaragua, Petén of Guatemala, and in the Mexican states of Campeche
and Quintana Roo.

In northern South America (Zone 3), there was a 2.7% increase in
moist forests, totaling 17,275 km2 (Table 7). Significant increases were
in 186 small (average size=364±414 km2) municipalities, mostly in
the Colombian montane areas (Fig. 6). This increase in forest tended to
come from MixedWoody/Plantation, indicating a gradual process of in-
creasing forest cover (Table 7). There were clusters of municipalities in
the northwestern Atlantic moist forests (Zone 7; Fig. 6; States: Minas
Gerais, Parana, São Paulo) that had significant gains in Woody and
MixedWoody/Plantation, which partially offset net forest loss in this
biome. Across the Caribbean, mapped as a single region (Zone 9), there
was a net gain of 2382 km2 (+4.1%) of Woody and 6563 km2

(+10.2%) of MixedWoody/Plantation and a loss of 8426 km2 (−9.0%)
of Ag/Herb (Table 7). Absolute area of change by municipality was rela-
tively small for Caribbeanmunicipalities (Fig. 7— bottom panel), as mu-
nicipalities themselves were small relative to the rest of Latin America
(average size=220±445 km2). Municipalities with significant gains
inWoodyweremainly concentrated in Cuba (22 out of 57 significant Ca-
ribbeanmunicipalities), whilemunicipalitieswith increasingMixWoody/
Plantation were mainly in Haiti (49 out of 64 significant Caribbean
municipalities).

3.3.2. Dry forests and conifer forests
Outside ofmoist forests, the next largest hotspot of deforestationwas

in the drought-deciduous, dry forests of Argentina, Paraguay and Bolivia
(Table 7, Zone 8), with 125,867 km2 (−14.4%) loss of closed-canopy for-
est (Woody) and 41,292 km2 (+30.4%) and 82,674 km2 (+23.5%) gain
in open-canopy forests (MixWoody/Plantation) and agriculture and pas-
tures (Ag/Herb), respectively (Table 7). Clusters of municipalities with
significant loss of Woody (Fig. 6) were in the Chiquitano Dry forest
ecoregion of Bolivia (Santa Cruz department) and the Dry Chaco
ecoregion of Argentina and Paraguay (Argentina: Chaco, Córdoba, La
Rioja, Salta, Tucumán, and Santiago del Estero provinces; Paraguay:
Alto Paraguay, Boquerón and Presidente Hayes departments). Forest
cover in the southern part of this hotspot in Argentina tended to transi-
tion toMixWoody/Plantation, indicating more small-scale forest clearing,
while the northern part of the hotspot had significant increases in Ag/
Herb, indicating large-scale clearing (Fig. 6).

Dry forests tended to increase in woody cover in Mexico, Central
America and northern South America (Table 7, Zones 1, 2 and 3, respec-
tively), with significant clusters of Woody gain in the Mexican states of
Oaxaca and Sonora, the western side of Central America in hundreds of
relatively small municipalities (El Salvador, Nicaragua, Honduras) and
northern Venezuela and Colombia (Figs. 6 and 7). In Central America
(Zone 2), Woody and MixWoody/Plantation increased 19.3% and 34.8%,
respectively, with concurrent declines in Ag/Herb, suggesting wide-
spread dry forest recovery. There were similar patterns of Woody gain
in conifer forests ofMexico (mainly Oaxaca state) and Central American
countries of El Salvador, Guatemala, Honduras, and Nicaragua (Table 7,
Zones 1 and 2, respectively; Fig. 7).
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Table 7
Estimated area (km2) in 2001 and 2010 based on municipality-scale regression models. Change is class 2010–2001 area and % is the decadal percent change from class area in year
2001.

Map region Woody MixWoody/Plantations Ag/Herb

2001 2010 change % 2001 2010 Change % 2001 2010 change %

Moist forests
Zone 1 156,489 148,593 −7896 −5.0 47,960 52,867 4907 10.2 95,111 96,766 1655 1.7
Zone 2 161,962 148,401 −13,561 −8.4 84,668 71,259 −13,410 −15.8 91,545 117,933 26,389 28.8
Zone 3 630,755 648,030 17,275 2.7 107,543 83,819 −23,725 −22.1 268,870 276,329 7458 2.8
Zone 4 393,645 385,133 −8512 −2.2 92,784 98,426 5642 6.1 161,804 165,214 3410 2.1
Zone 6 4,448,932 4,294,549 −154,382 −3.5 543,128 481,951 −61,177 −11.3 720,734 933,818 213,084 29.6
Zone 7 225,015 214,865 −10,150 −4.5 194,441 198,903 4462 2.3 654,731 659,532 4802 0.7
Zone 9 58,415 60,797 2382 4.1 64,076 70,639 6563 10.2 93,289 84,864 −8426 −9.0
Total 6,075,212 5,900,368 −174,844 −2.9 1,134,600 1,057,863 −76,737 −6.8 2,086,084 2,334,456 248,372 11.9

Dry forests
Zone 1 223,776 236,633 12,857 5.7 91,337 81,049 −10,288 −11.3 45,469 45,072 −398 −0.9
Zone 2 8475 10,113 1638 19.3 16,303 21,970 5668 34.8 20,170 12,940 −7230 −35.8
Zone 3 102,358 106,118 3760 3.7 19,253 16,831 −2422 −12.6 131,213 137,776 6562 5.0
Zone 4 21,988 21,537 −451 −2.1 22,548 24,620 2071 9.2 11,876 9455 −2421 −20.4
Zone 8 876,728 750,861 −125,867 −14.4 135,655 176,947 41,292 30.4 351,456 434,130 82,674 23.5
Total 1,233,324 1,125,261 −108,063 −8.8 285,096 321,417 36,321 12.7 560,185 639,372 79,188 14.1

Conifer forests
Zone 1 218,483 229,962 11,479 5.3 94,338 93,442 −897 −1.0 71,628 65,089 −6539 −9.1
Zone 2 30,983 37,530 6546 21.1 57,340 58,527 1187 2.1 27,282 19,604 −7678 −28.1
Total 249,466 267,492 18,026 7.2 151,679 151,969 290 0.2 98,910 84,693 −14,217 −14.4

Temperate forests
Zone 5 146,845 137,479 −9366 −6.4 73,968 92,048 18,081 24.4 139,766 131,170 −8597 −6.2

Savannas/shrublands
Zone 3 52,492 48,431 −4061 −7.7 46,218 43,568 −2650 −5.7 259,733 269,070 9337 3.6
Zone 4 45,873 43,327 −2546 −5.6 14,253 11,438 −2815 −19.7 70,102 75,239 5138 7.3
Zone 6 359,620 365,607 5988 1.7 675,358 717,412 42,054 6.2 907,341 877,359 −29,981 −3.3
Zone 7 44,149 30,987 −13,162 −29.8 10,965 14,339 3374 30.8 285,701 294,899 9197 3.2
Total 502,133 488,352 −13,781 −2.7 746,795 786,757 39,963 5.4 1,522,877 1,516,567 −6309 −0.4

Pampas
Zone 5 46,478 34,758 −11,721 −25.2 157,521 115,246 −42,275 −26.8 1,410,021 1,439,794 29,772 2.1

Pantanal
Zone 8 54,584 43,864 −10,720 −19.6 27,122 29,918 2796 10.3 76,455 84,164 7709 10.1

Montane grasslands/shrublands
Zone 4 17,373 16,331 −1042 −6.0 39,233 32,009 −7223 −18.4 277,206 283,396 6189 2.2

Mediterranean forests
Zone 5 5403 5594 191 3.5 38,613 39,699 1086 2.8 12,328 11,332 −996 −8.1

Deserts/xeric shrublands
Zone 1 352,438 432,086 79,649 22.6 249,708 192,874 −56,834 −22.8 168,393 164,187 −4207 −2.5
Zone 4 2827 3188 360 12.7 15,218 13,675 −1,543 −10.1 21,505 23,763 2258 10.5
Zone 6 311,344 363,251 51,907 16.7 364,135 304,857 −59,278 −16.3 155,762 176,338 20,576 13.2
Total 666,609 798,525 131,916 19.8 629,061 511,406 −117,656 −18.7 345,661 364,288 18,627 5.4

South America 7,786,408 7,513,908 −272,500 −3.5 2,577,957 2,495,708 −82,249 −3.2 5,916,607 6,282,778 366,171 6.2
Mexico 951,186 1,047,275 96,089 10.1 483,344 420,232 −63,112 −13.1 380,602 371,113 −9488 −2.5
Central America 201,420 196,044 −5376 −2.7 158,311 151,756 −6555 −4.1 138,997 150,478 11,481 8.3
Caribbean 58,414 60,796 2382 4.1 64,075 70,638 6563 10.2 93,288 84,863 −8425 −9.0
LAC total 8,997,428 8,818,023 −179,405 −2.0 3,283,687 3,138,334 −145,353 −4.4 6,529,493 6,889,231 359,738 5.5
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3.3.3. Savannas and Shrublands
In Uruguay savannas/shrublands (Zone 7), 127 out of the country's

203 municipalities showed significant declines in Woody, forming a
hotspot which mostly went to Ag/Herb over 10 years (Fig. 6). Absolute
area of land change among classes in this hotspot was relatively small
(Fig. 6), as Uruguay municipalities are small (average 876 km2), yet
there was a net 29.8% decrease inWoody over the whole region. A sim-
ilar pattern to Uruguay (i.e., small amounts of decreasingWoody and in-
creasing Ag/Herb) was seen in the pampas of the Buenos Aires province,
Argentina (Zone 5, Fig. 6).

In the Cerrado savannas/shrublands of Brazil (Zone 6), the northern
Mato Grosso province had high rates of deforestation and large areas of
Woody decline adjacent to the Amazon basin arc of deforestation
(Fig. 6); however, there was a net 5988 km2 and 42,054 km2 increase
ofWoody andMixWoody/Plantation, respectively (Table 7), concentrat-
ed in areas closer to São Paulo in the southeastern part of the Cerrado
(Fig. 6; States: Goias and Minas Gerais).

3.3.4. Deserts and xeric shrublands
There was a net Woody gain in northern Mexico deserts and xeric

shrublands (Zone 1), with a total gain of 79,649 km2 Woody (+22.6%)
and coincident 56,834 km2 decline in MixWoody/Plantation (−22.8%;
Table 7). Since this is an arid area, Woody increase represents regrowth
or encroachment of shrubs or sparse trees, not forest recovery.



Fig. 6.Municipalities of South America with significant trends in regression models of class area with time (2001 to 2010; p≤0.05). Note that maps do not show pixel-scale patterns
of change, but rather the integrated change over irregularly-shaped municipalities. Top panel: Percent change in class area over 10 years, with map biome boundaries (Fig. 1)
displayed. Bottom panel: Absolute change in class area over ten years, with country boundaries displayed. In both cases, negative values represent loss of area, while positive values
are gain in area.

96 M.L. Clark et al. / Remote Sensing of Environment 126 (2012) 84–103
Municipalities with significant trends and large areas of Woody gain
were in the Chihuahuan desert, Meseta Central matorral, and
Tamaulipan/Mezquital ecoregions (States: Chihuahua, Coahuila, Nuevo
León, Sonora, San Luis Potosí, and Zacatecas; Fig. 7). Therewas also an in-
crease in woody cover in the Caatinga deserts/xeric shrublands of east-
ern Brazil (Zone 6), with aggregate Woody gain of 51,907 km2

(+16.7%), cover which came fromMixWoody/Plantation (Table 7, Fig. 6).

4. Discussion

4.1. Mapping land-use/land-cover and change at continental scales

Amain objective of this study was to provide a detailed methodolo-
gy for mapping LULC at broad spatial scales (i.e., region to global). Our
method has the following qualities that help achieve this goal:
1) wall-to-wall spatial coverage at 250 m pixel size; 2) recent (i.e.,
last decade) and annualmap production; 3) consistent image and refer-
ence data sources, in both space and time; 4) robust reference dataset
that includes regional spectral–temporal diversity, permitting rigorous
training and accuracy assessment; 5) tree-based classifier tailored to
latitudinal and biome mapping regions; and, 6) relatively inexpensive
to implement in terms of computer, materials and labor costs. In Clark
et al. (2010), we described the advantages and disadvantages of some
of these qualities in relation to our proto-type methodology for the
Dry Chaco ecoregion. In particular, we noted that the Random Forests
classifier is highly suited for broad-scalemapping across environmental
and anthropogenic gradients, as it: has relatively few input parameters
or a priori assumptions about the data; can handle heterogeneous clas-
ses with multi-modal distributions; uses random sampling and multi-
ple realizations of decision rules with a majority-vote classification
rule to minimize the effects of predictor and reference data error and
natural variation; provides information on predictor variable impor-
tance; and, eliminates the need for a separate reference test dataset by
producing an un-biased estimate of accuracy through cross-validation
of samples withheld from decision trees (i.e., OOB estimate). Two addi-
tional benefits of the RF classifier used in this studywere its ability to au-
tomaticallyfilter outlier reference samples from thefinal RF classifier and
per-pixel maps of class confidence.

It is also important to note that our reference sampling is novel in
many ways for remote sensing at this scale (Clark & Aide, 2011; Clark
et al., 2010). First, we only interpret high resolution imagery in GE
(IKONOS or QuickBird) with no additional samples from 30-m Landsat
images — unlike most regional- to global-scale mapping studies
(Friedl et al., 2010; Hansen et al., 2008, 2010; Herold et al., 2008;
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Fig. 7. Municipalities of the Caribbean islands (top) and Mexico, and Central America (bottom) with significant trends in regression models of class area with time (2001 to 2010;
p≤0.05). Note that maps do not show pixel-scale patterns of change, but rather the integrated change over irregularly-shaped municipalities. Top panel: Percent change in class
area over 10 years, with map biome boundaries (Fig. 1) displayed. Bottom panel: Absolute change in class area over ten years, with country boundaries displayed. In both cases,
negative values represent loss of area, while positive values are gain in area. Note: for clarity, the Caribbean islands are at a different scale andmoved northwest relative toMexico/Central
America.

97M.L. Clark et al. / Remote Sensing of Environment 126 (2012) 84–103
Portillo-Quintero & Sánchez-Azofeifa, 2010). Second, our visual inter-
pretation criteria are very simple and do not rely on properties that
are difficult to interpret from high resolution imagery, such as vegeta-
tion height, life-form or phenology, as found in global schemes such
as IGBP and UN LCCS (Di Gregorio, 2005; Herold et al., 2008). Third,
our sample interpretation, mapping and accuracy assessment scales
are all matched at 250-m, with samples spaced at least 1000-m apart
to reduce spatial autocorrelation. Forth, reference samples come from
all regions and years in the mapping timeframe, thereby including
both spatial and temporal spectral variability in classifier training and
map accuracy assessment. This temporal sampling capability is particu-
larly unique relative to other annual mapping efforts (e.g., Friedl et al.,
2010). Finally, we have developed a web-based tool (VIEW-IT) that
both automates and provides data integrity for the whole reference
data collection process (Clark & Aide, 2011). We acknowledge that
validation and harmonization of global land products with the LCCS
are critically important for the science and policy communities (Herold
et al., 2006, 2008), and the detailed classes provided by the scheme –

particularly for natural vegetation – are valuable for many applications
(e.g., climate change models). However, we believe that our approach
is much simpler and cost-effective to implement. In addition, our
approach is useful for tracking annual changes in coarse-grain LULC
and can provide a cross-check on data from global mapping efforts.

We used our VIEW-IT reference dataset with over 40,000 samples
and the RF classifier OOB statistics to assess the per-pixel accuracy of
the method when mapping the wide range of biogeographic and
socio-economic variability that exists across LAC. Overall accuracy of
our 26 map regions averaged 80% with eight classes and 85% with a
reclassification to five classes. There was no clear pattern in overall
accuracy by biome or number of samples overall or per class. Our ini-
tial experiments with larger map regions (e.g., all of Mexico) showed
that RF trained with samples from similar environmental conditions
and vegetation phenology, captured by our smaller map regions, pro-
duced more reliable maps. This approach is similar to that used by
Portillo-Quintero and Sánchez-Azofeifa (2010) in mapping dry forest
and savannas/shrublands biome forest cover for LAC in year 2004; in
that case, three regional decision tree classifiers (North and Central
America, Caribbean, South America) were applied to 500-m MODIS
reflectance bands.

There were general trends in class accuracy that were similar across
many biomes. For one, closed-canopy woody vegetation (≥80% cover,
Woody) was mapped with high accuracy in biomes with climates that
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support forest, i.e., not deserts or grasslands. This result is encouraging
as forest extent and dynamics are important global parameters for con-
servation planning, climate modeling and carbon-emission policy. In
fact, overall accuracy of a forest/no-forest reclassification of our maps
was on average 94.2±4.2% (n=26), or 94.4% from the combined
error matrix in Table 5. Portillo-Quintero and Sánchez-Azofeifa (2010)
reported an 82% overall accuracy for their combined LAC dry forest
and savanna 2004 map based on 1-km aggregation of 500-m pixels;
in contrast, ourmaps had an average 94.6±3.3% (n=9) overall accura-
cy for dry forest and savannas/shrublandsmap regions, yet with 250-m
pixels.

Other important LULC classes had more variable and often lower ac-
curacy thanWoody. The open-canopy (20–80%) woody vegetation class,
MixWoody, was particularly difficult tomap given its mixed-pixel defini-
tion and resulting complex, spectral–temporal properties. However,
MixWoody is a prevalent land-cover in LAC, the third largest class after
Woody and Herb, occurring as savanna and open-canopy woodlands in
drier biomes, forest impacted by sub-pixel human and natural processes
(e.g., selective logging, fire disturbance, recovery on abandoned land), as
well as fragments of woody vegetation embedded in an agricultural
landscape. Globally, savanna is notoriously problematic to map with
low resolution sensors (Friedl et al., 2010; Hansen et al., 2005; Herold
et al., 2008). For example, the global MLCT product (500 m) for year
2005 was reported to have 45.2/34.3%, 22.6/39.0% and 48.3/74.1%
producer's/user's accuracies for woody savanna, open savanna and
open shrubland classes (all with 10–60% woody cover), respectively
(Friedl et al., 2010). Pixels with intermediate cover of woody vegetation
generally occur along a gradient between closed-canopy woody areas
(Woody) and open areas dominated by pasture or grasses (Herb), or ag-
riculture in more anthropogenic landscapes; and thus, confusion of
MixWoodywith these classes was expected when forcing pixels into dis-
crete categories. Plantation was similar to MixWoody in that it is a
mixed-pixel class with a wide range of spectral–temporal properties.
For example, vineyards have clear leaf phenology and subsequent spec-
tral changes through the year, whilemature pine and banana plantations
are more seasonally constant. For young or recently cut Plantation, there
are high levels of exposed soil, woody debris and herbaceous vegetation,
with spectral–temporal properties similar to Herb or Bare. It is apparent
that with our level of sampling and suite of low-resolution MODIS
variables, Plantation was too heterogeneous in spectral–temporal space
for reliable mapping across the continent; and hence, we merged it
with MixWoody in trend analyses. However, Plantation is an important
land-use class to isolate, as it is useful for understanding economic trends
and separating natural andmanaged forests when evaluating ecosystem
services and conservation value. Ideally this class would be split into
finer types, yet global classification schemes generally subsume planta-
tions, orchards and othermanaged perennial crops into forest or broader
agriculturemosaic classes (e.g., LCCS, IGBP;Herold et al., 2008), aswe did
bymergingMixWoody and Plantation. Regional- to global-scale mapping
of these types of managed lands remains an important goal for remote
sensing, and will likely require more structural (e.g. from lidar and
radar sensors) and spectral information (e.g., from hyperspectral sen-
sors) to be successful.

Given the wide range of agricultural crop types and systems of pro-
duction (e.g., double-cropping, rain-fed, irrigated) and natural and an-
thropogenic herbaceous vegetation (e.g., puna, llanos, pastures) that
occur across LAC, the accuracy of these classes mapped across our map
regions was reasonable. Ag and Herb confusion is not surprising since,
at least in the case of rain-fed agricultural systems, spectral–temporal
patterns track the green-up and brown-down cycles of natural and
planted herbaceous vegetation. Furthermore, interpreters often con-
fused these classes when estimating percent cover in VIEW-IT (Clark &
Aide, 2011), adding error to our reference data that the RF outlier remov-
al and classifier could not completely circumvent.

Built-up and urban areas were classifiedwith relatively high accura-
cy, with a 10% higher user's accuracy than reported for the 2001–2002
urban map (“MODIS 500”) found in the MLCT product, and also much
higher than other global maps that have b65% user's accuracy (Friedl
et al., 2010; Schneider et al., 2009). Our mapping approach shares
some similarities with the MODIS 500 method, including environmen-
tal stratification of maps, use of MODIS times-series metrics, Google
Earth image interpretation, and a decision tree classifier. Some of our
improved accuracy can be attributed to our focus on LAC vs. a global
scale and avoidance of mixed pixels by: using finer spatial resolution
MODIS data (250 m vs. 500 m); a higher threshold of considering a
pixel as built-up/urban (80% vs. 50%); and, our reliance solely on GE
high resolution images for reference data used in classifier training
(MODIS 500 also used 30-m Landsat, which could include more mixed
pixels).

Inter-annual variation in precipitation plays a role in the classifica-
tion accuracy of LULC mapped from low resolution sensors (Friedl et
al., 2010; Hüttich et al., 2011). Experiments with MODIS-based map-
ping of semi-arid savannas in the Kalahari, Namibia indicate that
there is a positive relationship between map accuracy of grasslands,
shrublands and woodlands with increasing, cumulative precipitation
(Hüttich et al., 2011), especially for areas with more herbaceous cover
(e.g., grasslands), which respond quickly to environmental cues. By
sampling MODIS statistics for each class across ten years, our method
incorporates some climate-induced, within-class variability in RF deci-
sion rules. For example, the Zone 6 moist forest (Amazon Basin) RF in-
cluded samples from the severe drought years of 2005 and 2010,
which caused regional declines in greenness expressed in EVI (Xu et
al., 2011), as well as samples from non-drought years. Although accura-
cy statisticsmay suffer from this added variability in predictor variables,
we expect the RF to bemore robust inmapping through time relative to
training with samples from just one year — which would lead to an RF
tailored to the environmental conditions for a specific time period and
not generalized for all years. Despite our temporal sampling strategy, vi-
sual inspection of our maps indicated that there are climate-related dy-
namics to our map classes, especially for pixels moving between
MixWoody and Herb.

4.2. Assessing accuracy of change at broad spatial scales

The accuracy of our estimated municipality-scale LULC change is
difficult to assess at this spatial scale, as the best reference data for
comparison would be derived from higher resolution images with
spatio-temporal coincident, wall-to-wall maps or a probability sam-
pling approach (Stehman, 2005). Higher resolution data would have
fewer problems frommixed pixels and presumably could be classified
with less error than our low-resolution maps; however, such refer-
ence data would still be estimates and suffer from clouds without ad-
equate compositing or cloud-filling techniques. Unfortunately, the
time and image resources needed to develop this type of high resolu-
tion dataset at the spatial or temporal scale of our data were beyond
the scope of this study.

For now,we assessed accuracy for the only location in LACwith annu-
al, high-resolution land-cover data — the Brazilian Legal Amazon (BLA),
PRODES project. Despite differences in data sources and methods, our
maps had remarkably similar estimates of forest in 2001 and 2009, espe-
cially when limiting results to our closed-canopy forest class (Woody).
With the municipality trend analysis, the high correlation between
2001–2009 closed-canopy forest area change for PRODES and our data
for comparable municipalities was encouraging. However, this PRODES
comparison highlighted well-established, but important problems with
using a sensor such as Landsat in tropical regions. The low temporal res-
olution of the Landsat archive meant that cloud cover was difficult to
avoid, especially in the wetter northern region. For example, we found
that 4–5% of the PRODES dataset was covered in clouds in 2001 and
2009. Furthermore, the PRODES mapping process has evolved through
time, adding new regions to the project in recent years while leaving
large No Data areas in earlier maps. Combined cloud cover and No Data
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areas in PRODES eliminated 19% of the BLA from the analysis when com-
paring 2001 and 2009 area change; in contrast, our data had only
0.0014% of the BLA mapped as No Data. In the municipality trend com-
parison, 49% of BLA municipalities had to be dropped from the analysis
because they failed to have six or more years with less than 1% No
Data/cloud. Finally, PRODES production is slowed bymore human inter-
vention than our process, such as filling of smaller data holes with older
map data. In contrast, our maps were consistently produced through
time and space, and a new annual map can be generated soon after the
December MOD13 data are available — a couple months versus a year
or more.

We do not advocate MODIS-based mapping as a substitute for
finer-scale data analysis, which should produce better area estimates.
Wall-to-wall, Landsat-based LULC maps are within reach given current
computing power, storage costs, batch processing techniques (Hansen
et al., 2011; Roy et al., 2010), GE reference data (Clark & Aide, 2011),
no-cost access to the image archive and standardized five-year epoch
datasets (Gutman et al., 2008), and hope of a continuation Landsat sen-
sor to be launched in 2013. However, our approach is useful to highlight
areas of significant change and assess broad-scale trends in a quick and
consistent manner that is meaningful for the land-change community
and decision makers.

4.3. Observations on land change in Latin America and the Caribbean
over the last decade

Another major objective of this study was to describe significant
locations of land change across LAC. A unique aspect of our method
was using municipality-scale regression models to estimate area of
LULC change between 2001 and 2010. Many land change studies re-
port area change between two or more years separated by large tem-
poral gaps (e.g., 5 or 10 years), making them reliant on the accuracy
of LULC maps at these time intervals. Since LULC maps suffer from
fluctuations in inter-annual accuracy variations in atmospheric condi-
tions, climate, and other factors, comparisons of LULC between two
dates can be prone to error. Our municipality regression approach cir-
cumvents this problem by leveraging the 10 years of annual data
from our mapping method to refine our calculations of area change,
here demonstrated for the classes Woody, MixedWoody/Plantation,
and Ag/Herb. We acknowledge that land change does not always fol-
low a linear trend, such as variable deforestation rates along the arc of
deforestation in the last decade (Ewers et al., 2008). However, given
that we only had a maximum of ten years of map data and high
inter-annual variability, we opted for a single and simple model func-
tion that could be applied consistently across all municipalities. We
would expect the accuracy of our LULC area estimates based on
model-fitting, either with linear or other functions, to improve
through time as more map data become available. In addition, munic-
ipalities are not ideal analytical units for comparing area change
across space, as size differences influence that amount of absolute
change observed. However, the municipality is a sub-national politi-
cal unit that contains similar socio-economic and political forces
and environmental conditions, and it is a useful management unit
often linked to other statistics (e.g., census data) needed to analyze
associated drivers of land change (Aide et al., in press). Also, munici-
palities can also be regrouped into higher levels of political (e.g., state,
national, regional) or ecological (e.g., ecoregion, biome) organization.

4.3.1. Areas losing woody vegetation
South America had extensive deforestation of closed-canopy for-

ests over the last decade. The most concentrated hotspots with signif-
icant trends and large areas were: Brazil's “arc of deforestation”, the
southern reaches of the moist forests (Zone 6) that grades into the
drier Cerrado savannas/shrublands (Zone 6); remnants of the Atlantic
moist forests of Paraguay, Brazil and Argentina (Zone 7); and, the
Chaco and Chiquitano dry forests (Zone 8) of northern Argentina,
western Paraguay and southern Bolivia, with fronts around an intact
zone where the three countries border each other.

The drivers of deforestation in the Amazon basin are complex and
interrelated, with deforestation rates over the last decade mainly
driven by forest conversion for cattle pastures and mechanized soy-
bean production to meet rising demand from global markets (Aide
et al., in press; Arima et al., 2011; Barona et al., 2010; Ewers et al.,
2008; Nepstad et al., 2006a; Walker et al., 2009) as well as an
expanding urban population (Malingreau et al., 2012). Mato Grosso
state is particularly dynamic as it straddles the Madeira–Tapajós moist
forest, which contains remaining areas of Amazonian rainforest, and
Mato Grosso tropical dry forest, and Cerrado savanna/shrubland
ecoregions with more extensive pastures and agriculture. In the first
part of the decade (2001–2004), deforestation in Mato Grosso moist
forest was attributed to cattle pastures while up to 23% was attributed
to mechanized agriculture (mainly soybeans) with large clearings
(Morton et al., 2006). However, stricter implementation of existing
laws, fluctuating profits, protected areas and indigenous lands, new
government initiatives and an agroindustry-led “soy moratorium” on
deforestation directly related to soy expansion combined to slow defor-
estation in themiddle of the decade (Malingreau et al., 2012; Nepstad et
al., 2006b; Rudorff et al., 2011). In Mato Grosso, Para and Rondônia, the
moratoriummay be responsible for decreasingdeforestation inAmazon
moist forest, although areas were still converted to cattle pasture
(Rudorff et al., 2011); however, mechanized soy expansion on pastures
and intensification, especially in seasonal forests and the Cerrado, may
cause land prices to rise and push cattle pastures into less expensive
areas, thereby causing indirect “displacement deforestation” in moist
forests of northern Mato Grosso, Para and Rondônia states (Arima et
al., 2011; Barona et al., 2010).

Deforestation in Atlantic tropical moist forests (Zone 7) is also com-
plex, as the hotspot spans socio-economic and political regions defined
by eastern Paraguay, northeastern Argentina and eastern Brazil. In the
Misiones province of Argentina, Izquierdo et al. (2008) used Landsat-
based data (1973–2006) to show how government incentives promot-
ing commercial timber plantations in the west and agriculture in the
east (tea, yerbamate) has led to steady deforestation and fragmentation
across the province. Our trends support this finding, with increasing
MixWoody/Plantation (west and east) and Ag/Herb (east). Approximate-
ly 40% of Atlantic forests were cleared from 1990 to 2000, mostly for
mechanized agriculture on large parcels (Huang et al., 2009), and we
found that the municipalities with the largest area deforested during
that timeframe continued to have significant deforestation from 2001
to 2010. In Brazil, remaining Atlantic forests aremainly small and isolat-
ed fragments surrounded by agriculture (Ribeiro et al., 2009), and al-
though there were several small municipalities showing significant
declines in Woody in our data, the areas deforested were relatively
small.

In this study, we extended our Dry Chaco ecoregion maps in Clark
et al. (2010) to year 2010 and included the Chiquitano dry forests and
Humid Chaco ecoregions as one zone that represents the largest LAC
hotspot of deforestation outside of the Amazon basin. In the Dry
Chaco ecoregion of northwest Argentina, large-scale deforestation
for mechanized agriculture, mainly soybeans, has increased over the
last decade due to several favorable factors, including growing global
demand and price of soybeans, adoption of new technology and cul-
tivars adapted to dry areas, a devalued currency that provided an ex-
port competitive advantage, and possibly incentives to cut forests
before implementation of new conservation laws (Clark et al., 2010;
Gasparri & Grau, 2009; Grau et al., 2005). The deforestation frontier
over the last decade has surrounded remaining intact Chaco forest
from all directions. A previous study reported increasing forest
cover from 1970s to 2002 around abandoned colonies (puestos) in
municipalities toward the eastern side of Salta and forest degradation
due to livestock grazing on existing and new puestos in the western
municipalities of Chaco and Formosa provinces (Grau et al., 2008);
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however, our recent trends do not show strong evidence of either for-
est recovery (i.e., increasing Woody) or degradation (i.e., increasing
MixWoody) in these areas. In Paraguayan Dry Chaco, our results ex-
tend those reported from 1990 to 2000 (Huang et al., 2009), showing
continued deforestation radiating from the city of Filadelfia. Huang et al.
(2009) attributed this change to both cattle ranching and mechanized
agriculture. A similar pattern of radiating deforestation was observed
in the Chuquitano dry forests of Bolivia, around the city of Santa Cruz,
corroborating patterns documented from the 1970s to 2008 using
other data (Killeen et al., 2007; Redo & Millington, 2011) and detailed
in a socio-economic analysis with our land change data in Redo et al.
(2012a).

In Guatemala, deforestation over the last decade was in the
Petén-Veracruz Moist Forests ecoregion, concentrated within the
Maya Biosphere Reserve and Sierra de Lacandón National Park
protected areas. These trends are related to small-scale farmers clear-
ing land for subsistence agriculture and pastures (Carr, 2005), with
the frontier more related to proximity to existing settlements than
protection status (Bray et al., 2008). There were also declines in
Petén-Veracruz Moist forest (Selva Lancandona) immediately across
the border in the fragmented landscape of southeast Chiapas, Mexico.
This landscape is open to colonization by the southern frontier high-
way (Carretera Fronteriza del Sur), and in contrast to protected areas
in Guatemala, deforestation is largely absent from the nearby Monte
Azules and Lacan-tun Biosphere Reserves. This was also the case in
the Yucatán Moist Forests of southern Quintana Roo, Mexico, where
deforestation has been low in the Calakmul Biosphere Reserve but
significant east of the reserve. Decreases in closed-canopy moist for-
est in this area generally follow roads and were accompanied by
both increases inMixWoody and Ag/Herb. These trends could be relat-
ed to subsistence systems (milpas) on communal lands (ejidos) that
rotate recovering forest and small agriculture plots, as well as Chile
cultivation for markets (Turner et al., 2001). Nicaragua also had a
cluster of significant deforestation hotspots in the Central American
Atlantic Moist forest ecoregion, in the area around the mining triangle
municipalities of Suina, Bonanza and Rosita, in the buffer zone of the
Bosawas nature reserve, then following the highway to Puerto Cabezas
on the coast. There has been a growing agriculture zone (1978–1999) in
the Jinotega municipality to the west of this region (Zeledon & Kelly,
2009), but there is little known about recent land use dynamics to the
east, except for reports of high levels illegal logging (Richards et al.,
2003).

4.3.2. Areas gaining woody vegetation
Most broad-scale land change studies focus on loss of woody veg-

etation, such as through deforestation or degradation; however, stud-
ies in Latin America have shown that at local to national scales,
socio-economic development, rural–urban demographic shifts, agri-
cultural intensification and other inter-related factors can lead to a
net gain in woody vegetation, or forest transition, through spontane-
ous generation on abandoned land, recovery from degradation or re-
forestation efforts (Aide et al., in press; Meyfroidt & Lambin, 2011). Our
data presented a unique opportunity to observe recent continental-
scale trends inWoody gain, or “forest recovery”, which includes sponta-
neous forest regeneration in landscapes that support closed-canopy for-
ests, reforestation with planted trees, and woody encroachment of
shrubs and trees into more open-canopy, arid areas (e.g., deserts/xeric
shrublands biome).

There were large gains in woody vegetation in deserts and
shrublands of Mexico, which represents an encroachment of shrubs
and trees, not forest. To our knowledge, this is a new trend that has
not been detected at this scale and deserves further analyses with
finer resolution maps (e.g., Landsat) and environmental data over a
longer time span. However, initial analyses with these data indicate
that this greening of Mexican deserts is related to local climate
change, mainly increasing precipitation (Aide et al., in press).
In Central America and Mexico, deforestation of moist forests
contrasted with forest recovery in dry and conifer forests. Within
Central America, these trends are strongly associated with forest tran-
sition due to socio-economic development (Redo et al., 2012b), with
rapid forest gain and loss occurring in less-developed countries
(e.g., Guatemala, Nicaragua) and forest stability in more-developed
countries (e.g., Costa Rica, Panama). In Mexico, dry and conifer forest
recovery generally occurs in municipalities with low population den-
sity and areas marginal for mechanized agriculture, indicating less
pressure on natural resources (Bonilla-Moheno et al., 2012), yet
trends vary among land Mexico's unique tenure regimes (Bonilla-
Moheno et al., 2013).

In the Caribbean, Cuba had a 10% increase in closed-canopy forest
area from 2001 to 2010 (2524 km2), which occurred mainly in the
Cuban Dry Forests ecoregion. We believe that these trends can be at-
tributed to shrub and forest recovery on >1 million hectares of sugar
cane fields abandoned between 1990 and 2008 following the removal
of Soviet-era subsidies (FAOSTAT, 2011).

Although Brazil had wide swaths of deforestation in the Amazon
and northern Cerrado, there were pockets of forest recovery in the
southeast of the country, including Caatinga, southern Cerrado in
Minas Gerais and northern Atlantic forests in Parana and São Paulo
states (Bahia Interior and Coastal forests ecoregions). In the state of
Santa Catarina to the south, Atlantic forests have undergone a forest
transition related to increasing urbanization, which spurred a rise in
land prices, contraction of agriculture, and public desire to establish
protected areas (Baptista, 2008). Our observed nucleus of Atlantic forest
recovery was further north than this study, but within a zone that has
been identified as ripe for restoration as it is marginal for agriculture
and a forest law that has been amenable to reforestation — although
the law is in danger of being modified to favor deforestation (Calmon
et al., 2011). The gain in woody vegetation in Cerrado and Caatinga
was more surprising. A regional study of Brazilian drylands using our
data with other socio-economic and environmental datasets shows
that there is a general tendency of forest recovery in drier and less
level areas (i.e., less amenable to mechanized agriculture) (Redo et al.,
in press). In the Caatinga region, a steady decline of agricultural activity
due to past drought and economic and demographic shifts, and local
increases in annual precipitationmay explain increasingwoody vegeta-
tion (shrubs, small trees) (Redo et al., in press). All of these regional
increases in woody vegetation in Brazil, as well as moist forests of
Colombia (Sánchez-Cuervo et al., 2012), deserve corroboration
with finer-scale data and deeper analysis of the underlying socio-
economic and environmental drivers of change.

5. Conclusions

We used the coincident, ten-year record of high resolution Google
Earth and low-resolutionMODIS imagery to synergistically map annual
LULC in Latin America and the Caribbean over the first decade of the
21st century. Biomes were intersected with municipalities to create
mapping regions of similar conditions that reducewithin-class variabil-
ity and classifier complexity, and increase map accuracy. Across the 26
map regions, overall accuracy with the Random Forests tree-based clas-
sifier was on average 80.2±8.1% for eight basic LULC classes, while it
was on average 84.6±6.5% with a reduced five-class scheme. In sum-
mary, we conclude that thismethod is a cost-effectivemeans of produc-
ing recent and internally-consistent maps with basic LULC classes that
permits land change analysis at a variety of spatial scales.

To highlight the utility of our annual maps, we presented a unique
spatial depiction of significant trends in recent land change across
LAC. A key aspect of this analysis was to leverage annual map data to
fit linear trend models at the municipality scale for our three dominant
classes,Woody, MixWoody/Plantation, and Ag/Herb. This minimized the
impact of inter-annual class variation due to climate (e.g., drought) and
other factors, and strengthened our confidence in mapping decadal
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change. Our trend analysis revealed the extent and magnitude of the
well-known hotspot of deforestation in the Amazon basin, yet also em-
phasized other large hotspots in less-studied areas in Latin America,
particularly large expanses of Chaco dry forest being converted to agri-
culture and pasture in Argentina, Paraguay and Bolivia. Our data also
depicted municipalities with increasing woody vegetation across LAC,
with patterns clustered by biome. The areas of woody gain are from for-
est recovery, reforestation, or woody encroachment, and have impor-
tant implications for ecosystem function and regional conservation
planning, such as providing potential habitat for species and sequester-
ing carbon— a key component of politicalmechanisms to reduce green-
house gas emissions, such as REDD (Baker et al., 2010).
Map
region*

8 class overall percent
accuracy

5 class overall percent
accuracy

% secondary
RF

1st
RF

2nd
RF

1st–
2nd

1st
RF

2nd
RF

1st–
2nd

10-yr
avg

Std

Zone 1
TSMBF

73.0 66.4 6.5 79.7 76.4 3.3 1.1 0.4

Zone 2
TSMBF

77.2 74.0 3.2 85.2 83.8 1.4 9.7 2.0

Zone 3
TSMBF

83.2 81.5 1.7 89.2 88.8 0.4 13.8 2.0
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Zone 4
TSMBF

73.5 69.5 4.0 77.5 74.0 3.5 23.3 5.1

Zone 6
TSMBF

90.6 90.2 0.4 92.2 91.8 0.4 11.6 4.3

Zone 7
TSMBF

78.8 77.0 1.8 85.8 83.4 2.4 0.4 0.1

Zone 9 65.1 63.5 1.5 75.9 75.8 0.1 5.3 0.5
Appendix A. Visual criteria used for estimating percent cover of
land-use/land-cover classes fromGoogle Earth imagery (Section 2.3)
Class Abbreviation Visual criteria

Built-up
areas

Built Urban and industrial buildings, infrastructure and
associated roads

Water Water Lakes and large rivers
Bare areas Bare In addition to including areas of bare soil, which

could be common in deserts, this class also includes
ice, snow, sand dunes, rock, salt flats, and dry
riverbeds. Open-pit mines with exposed soil/rock
are included in this class.

Agriculture Ag Agricultural fields with annual crops, e.g. sugar
cane, corn, wheat, soybean, rice. Crops can usually
be detected by plow lines, rectilinear shapes, and
nearby roads and infrastructure. Bare soil in this
context was classified as agriculture, but
longer-term fallow or abandoned agricultural land
was classified as herbaceous or woody vegetation.
Perennial crops (e.g. citrus plantations) are included
in the plantation class.

Plantations Plantation The major characteristics of plantations are
perennial vegetation and the regular spacing of the
plants. Common examples in the Chaco are pine
and eucalyptus plantations, citrus and olive
orchards, and vineyards. Roads, bare ground, or
grass within a plantation were considered as part of
the plantation.

Herbaceous
vegetation

Herb This class is usually dominated by native or planted
grasses and herbs. The most common land use in
this class is cattle pasture, which can be
distinguished by trails and watering holes. This
class can be confused with agriculture but is usually
more heterogeneous in color (e.g., green, gray,
brown) and texture.

Woody
vegetation

Woody Trees and shrubs are the major components of this
class. Although most areas in this class are natural
areas, woody vegetation can also occur within
agricultural and urban regions.

Mixed woody
vegetation

MixWoody Samples with a mix ofWoody, with Ag, Herb, or Bare
percent cover, all less than 80% cover. Not
interpreted directly, but assigned in
post-processing of samples. See Section 2.3.
Appendix B. Overall accuracy for the primary (1st) and secondary
(2nd) Random Forests classifiers by map region

Accuracy is presented by the original eight classes and by the
post-classification five class version used in the analyses. The third
group of statistics is the percent of pixels in the zone-biome region
mapped with the secondary classifier, calculated on a yearly basis
TSMBF
Zone 1
TSDBF

83.7 80.0 3.7 86.0 82.8 3.1 0.9 0.1

Zone 2
TSDBF

79.3 75.7 3.6 84.5 82.6 1.9 5.7 2.0

Zone 3
TSDBF

74.0 69.4 4.7 82.0 80.7 1.3 5.8 2.6

Zone 4
TSDBF

80.4 76.4 3.9 82.5 79.2 3.3 45.8 5.9

Zone 8
TSDBF

79.6 75.8 2.9 86.1 83.0 2.4 0.3 0.1

Zone 1
TSCF

73.2 70.6 2.6 76.6 75.0 1.6 0.0 0.0

Zone 2
TSCF

81.8 78.5 3.4 85.6 82.5 3.0 0.5 0.3

Zone 5
TBMF

87.4 84.1 3.2 88.9 86.2 2.7 16.4 2.8

Zone 3
TSGSS

79.9 77.3 2.7 86.1 84.5 1.6 19.3 6.5

Zone 4
TSGSS

94.6 92.9 1.7 94.6 92.9 1.7 5.2 3.7

Zone 6
TSGSS

76.7 72.6 4.1 79.4 75.4 4.0 1.3 0.5

Zone 7
TSGSS

97.1 94.7 2.4 98.3 96.2 2.1 1.3 0.1

Zone 5
TGSS

79.5 77.7 1.8 85.9 84.1 1.7 2.0 0.8

Zone 8
FGS

92.8 91.1 1.6 92.8 91.1 1.6 0.4 0.6

Zone 4
MGS

78.6 76.1 2.5 83.6 81.2 2.5 3.1 1.0

Zone 5
MFWS

78.4 73.1 5.3 81.4 78.1 3.4 1.4 0.6

Zone 1
DXS

69.4 66.5 2.9 72.5 70.2 2.3 0.6 0.1

Zone 4
DXS

89.3 87.8 1.6 92.7 91.4 1.3 2.0 0.4

Zone 6
DXS

68.0 62.6 5.5 73.7 71.1 2.6 1.3 0.8

Average 80.2 77.1 3.0 84.6 82.4 2.1 6.9 1.7

*TSMBF=moist forests; TSDBF= dry forests; TSCF= conifer forests; TBMF= temperate
forests; TSGSS = savannas/shrublands; TGSS = pampas; FGS = pantanal; MGS =
montane grasslands/shrublands; MFWS = Mediterranean forests; DXS = deserts/
xeric shrublands.
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Appendix C. Average class confidence for each map region from all
years, 2001–2010 (Section 2.5)

A higher confidence indicates that the class is more reliably
mapped (chosen from a high majority vote of 1999 trees in Random
Forests), while a lower confidence indicates that the class was less re-
liably mapped (weak majority vote from trees).
Zone Ag Bare Built Herb MixWoody Plantation Water Woody

Moist forests
1 45.4 36.4 59.5 43.4 41.5 36.6 84.2 70.7
2 43.0 48.5 57.5 45.7 40.7 45.3 91.7 79.2
3 44.6 40.0 67.8 48.3 38.7 36.9 83.1 86.6
4 39.2 42.2 52.0 50.2 46.3 37.7 56.6 83.3
6 51.3 57.6 55.1 66.8 51.2 39.3 81.4 93.0
7 64.7 n/a 73.2 56.6 39.1 45.3 86.9 71.7
9 45.5 47.2 59.9 41.0 37.8 38.6 89.4 58.7

Dry forests
1 72.5 37.2 56.0 47.0 53.0 48.8 84.7 75.5
2 44.5 42.2 57.0 50.8 49.4 47.5 94.1 64.1
3 46.2 54.5 57.1 47.0 43.2 47.7 85.9 69.0
4 47.1 65.9 46.7 32.5 52.5 46.1 69.8 60.0
8 64.9 55.4 47.5 43.7 46.8 42.7 72.6 81.7

Conifer forests
1 51.1 44.7 49.5 42.2 44.9 35.3 68.7 69.3
2 44.8 28.7 69.0 54.0 61.2 58.9 82.0 68.1

Temperate forests
5 48.9 77.5 57.5 58.3 46.6 57.9 90.0 74.5

Savannas/shrublands
3 47.5 61.4 45.9 65.5 43.9 31.7 81.8 72.9
4 n/a n/a n/a 83.1 51.2 n/a 83.3 87.6
5 58.2 n/a 54.9 60.9 36.1 46.5 76.3 69.0
6 82.4 40.1 65.7 59.5 44.8 49.5 85.4 55.8
7 75.7 86.1 66.7 82.7 n/a 69.6 78.7 68.2

Pampas
5 77.4 57.7 47.3 58.8 50.3 56.7 82.8 47.8

Pantanal
8 n/a n/a n/a 79.6 55.3 n/a 79.5 80.8

Montane grasslands/shrublands
4 46.7 67.5 45.5 57.7 38.0 45.1 73.2 36.6

Mediterranean forests
5 61.0 61.0 44.7 48.1 53.2 54.9 48.7 72.6

Deserts/xeric shrublands
1 50.1 58.8 43.7 34.7 42.3 37.2 84.3 61.7
4 59.8 86.1 61.7 28.5 30.1 47.1 54.1 29.6
6 38.1 72.4 52.8 42.5 46.5 40.9 81.0 54.0
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