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Abstract: Global tree cover products are widely used in analyses of deforestation, fragmentation, and
connectivity, but are rarely critically assessed. Inaccuracies in these products could have consequences
for future decision making, especially in data-poor regions like the tropics. In this study, potential
biases in global and regional tree cover products were assessed across a diverse tropical country, Costa
Rica. Two global tree cover products and one regional national forest cover map were evaluated along
biophysical gradients in elevation, precipitation, and agricultural land cover. To quantify product
accuracy and bias, freely available high-resolution imagery was used to validate tree and land cover
across these gradients. Although the regional forest cover map was comparable in accuracy to a
widely-used global forest map (the Global Forest Change of Hansen et al., also known as the GFC),
another global forest map (derived from a cropland dataset) had the highest accuracy. Both global
and regional forest cover products showed small to severe biases along biophysical gradients. Unlike
the regional map, the global GFC map strongly underestimated tree cover (>10% difference) below
189 mm of precipitation and at elevations above 2000 m, with a larger bias for precipitation. All map
products misclassified agricultural fields as forest, but the GFC product particularly misclassified
row crops and perennial erect crops (banana, oil palm, and coffee), with maximum tree cover in
agricultural fields of 89%–100% across all crops. Our analysis calls into further question the utility
of the GFC product for global forest monitoring outside humid regions, indicating that, in tropical
regions, the GFC product is most accurate in areas with high, aseasonal rainfall, low relief, and low
cropland area. Given that forest product errors are spatially distributed along biophysical gradients,
researchers should account for these spatial biases when attempting to analyze or generate forest
map products.

Keywords: forest cover; estimation bias; dry forests; logistic regression model; accuracy assessment

1. Introduction

Humid tropical forests play a vital role in various global processes and are under threat [1–5].
Accurate global and regional maps are needed to support conservation policies across the tropics [5–8],
and recent advances in remote sensing have enabled global maps of tropical forest ecosystems [5,9,10].
However, accurately measuring forest cover in the humid tropics is difficult [11]. There are many
challenges in estimating tropical forest cover at regional and global scales using remote sensing.
Global maps of tree cover must account for variability along numerous abiotic and biotic gradients,
including topography [12], high cloud cover [13,14], precipitation [15], phenological variability [16],
and the widespread occurrence of perennial erect crops (“tree crops”) that can be confused with forest
cover [17–19]. As a result, there are relatively few global tree cover products, and no global products
that distinguish natural forest cover from agricultural tree cover. In this study, we examine whether
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current products under- or over-estimate tree cover along gradients of topography, precipitation, and
agricultural cover.

Forest cover maps derived from passive optical imagery (e.g., Landsat) require cloud-free imagery
for complete, wall-to-wall coverage [11]. Cloud cover is high and persistent over the humid tropics,
often aseasonal, and is especially common at high elevation and over forested landscapes [13,20,21].
As a result, cloud-free days are rare, making it difficult to use satellite imagery for timely ground
observations [14]. Extensive image compositing is often necessary to create cloud-free imagery over
humid tropical forests, and the resulting composite images can still be contaminated with cloud and
cloud shadow effects [22]. At higher elevations or in rough terrain, the combined effects of cloud
compositing and topographical shadowing on reflectance estimates can make land cover classification
particularly challenging [12].

Furthermore, when there are cloud-free days in the tropics, they often occur during the dry
season, when the vegetation is not as green and/or is partially or completely drought-deciduous [14].
Phenological variability makes mapping tropical forest cover more challenging [23–25]. For example,
remote sensing of canopy cover in tropical humid forests is more accurate than in tropical dry forests [26].
In tropical dry forests, many canopy tree species shed their leaves in the dry season. To accurately
quantify tropical dry forest cover, wet season imagery is required [27], which is often contaminated
with clouds [14]. However, even in humid tropical forests, which receive higher levels of precipitation,
precipitation can vary over the year to create distinct wet and dry seasons [28,29]. Although humid
forests maintain high leaf cover year-round, they undergo both seasonal variations in greenness and
interspecific variability in leaf phenology [30]. In both wet and dry tropical forests, seasonal changes
in precipitation drive shifts in vegetation spectral reflectance, which can lead to misclassification and
underprediction of forest cover in the dry season.

Another major challenge in accurately measuring tropical forest cover is differentiating between
natural forest cover and trees established for agriculture (“tree crops”). Tree crops such as oil palm,
eucalyptus, banana, and rubber are increasingly common across the tropics [17,31]. Although FAO
(Food and Agricultural Organization) statistics for tree plantation and tree crop area exist at the
country scale, they are spatially aggregated estimates intended for calculating net national tree cover
change [32]. Current global tree cover maps do not attempt to differentiate between tree crops and
natural forest [5,10]. For example, the Global Forest Change dataset (GFC), a widely used forest cover
map (3000+ citations), defines forest cover as all trees >5 m in height [5]. Tropek et al. [17] pointed out
that the GFC forest cover map includes many types of non-forest tree cover, from timber plantations
to perennial crops like banana and oil palm. Because tree crops do not provide the same ecosystem
service and biodiversity benefits as natural forest cover [17,33,34], confusing tree crops with natural
forest leads to inaccurate estimates of tropical biodiversity, forest loss, and forest recovery [35,36].

One potential solution to the challenges inherent in mapping global forest cover is to simply
use regional maps of tree and forest cover, which are often assumed to be more accurate than global
maps [37]. For example, UN-RED maps tracking forest cover change require national forest/non-forest
classifications based on national forest definitions [38,39]. However regional maps of forest cover can
face similar challenges across abiotic and biotic gradients [11,12,21]. Regional maps also take additional
effort and money to create and validate, especially when global tree cover products already exist [40,41].
Using global tree cover products to inform or replace regional forest cover maps has been shown
to improve forest cover estimates and the accuracy of forest inventories [41]. Furthermore, global
percent tree cover maps permit direct comparisons of forest change between countries, as national
forest cover estimates can vary widely given national forest definitions [39]. More direct comparisons
of the accuracy of global and regional forest cover products are necessary to test the assumption of
higher regional accuracy, especially across diverse abiotic and biotic gradients.

In this study, we quantified error and bias in regional and global forest cover products in Costa
Rica, a tropical country in Central America. Error in tree cover estimates was defined as observable
deviation of predicted tree cover from reference measurements; bias in tree cover estimates occurs
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where this deviation is predictable along, and correlated with, gradients of interest. Like many other
countries in the tropics, Costa Rica has large gradients in precipitation and topography and a variety
of tree crops, including oil palm and banana. Available forest cover products vary widely in their
estimates of total forest cover in the country (from 50% to 60%). Across Costa Rica, we compared the
performance of global and regional forest cover products and tested for the presence of systematic
biases in forest cover estimates along gradients of precipitation, topography, and agricultural cover.

2. Materials and Methods

2.1. Study Area

Costa Rica is a small Central American country (~51,000 km2) located between Nicaragua and
Panama [27,42]. Although Costa Rica represents only 0.03% of the Earth’s surface area, it contains
about 6% of the world’s biodiversity [43]. The country has a diversity of tropical ecosystems, containing
12 different Holdridge life zones [44], which are defined by average annual values of temperature,
precipitation, and altitude. Tropical dry forests and humid forests cover extensive areas in Costa
Rica, and can be distinguished by their average monthly precipitation as well as seasonal phenology.
Average monthly precipitation across Costa Rica ranges from about 70 mm to 410 mm [45] and elevation
ranges from sea level to ~4000 m [8].

2.2. Tree Cover Products

We compared two global tree cover products and one regional tree cover product over Costa
Rica (Table 1). The two global products were: (1) The University of Maryland’s Global Forest Change
2000–2015 tree canopy cover product (version 1.3) developed by Hansen et al. [5] (hereafter GFC, or
Hansen; and (2) a modification of the Massey et al. [46,47] global cropland dataset (GCL). The regional
product (hereafter, Landa) was developed specifically for Costa Rica by Fernandez-Landa et al. [8]
using a Landsat imagery time series between 1985 and 2014.

Table 1. Summary of tree cover products compared in this paper.

Global Forest Change
(GFC) Tree Cover

Fernandez-Landa et al.
2016 [8]

Global Croplands
(GCL) Project

Purpose Forest monitoring REDD+ monitoring Cropland monitoring
Scale Global Regional Global

Tree cover data % Tree cover Forest/Non-forest Forest/Non-forest
Year Mapped 2000 (updated to 2015) 2014 2010

Resolution 30 m 30 m 30 m

The GFC product quantifies global tree cover (vegetation taller than 5 m) in the year 2000 and
quantifies global forest change (tree cover gain and loss) between 2000 and 2015. To estimate tree cover
circa 2015, we added the forest gain pixels (2000–2012) and subtracted the loss pixels (2000–2015) from
the 2000 tree cover estimates (0%–100%). Gain pixels were given a tree cover value of 100% (seven
reference pixels affected, see below) and loss pixels were given a tree cover value of 0% (42 reference
pixels affected, see below).

The other global product used in this research was a modified 2010 global cropland (GCL)
dataset [46]. The original GCL dataset consisted of three classes: cropland areas (crops and pastures),
non-cropland areas (bare ground, urban areas, forest, etc.), and water. In post-classification processing,
it was filtered to remove patches smaller than 0.18 hectares (i.e., two four-connected neighboring pixels).
We modified the original GCL dataset to create a tree cover map in two steps. First, we eliminated
agricultural areas and water by selecting the non-cropland classification category. We then eliminated
non-forest areas from the GCL non-cropland category by removing pixels where the GFC product had
0% tree cover values (i.e., urban areas, bare ground, and other non-forest). This process created the
derived GCL product, a forest/non-forest binary classification for the year 2010.
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Like the derived GCL global product, the regional Landa product is a forest/non-forest binary
classification, for the year 2014. The Landa product defined forest as a minimum land area of one
hectare with tree canopy cover of more than 30%, and a minimum tree height of 5 m. The regional
forest cover product was developed to track forest resources in the context of REDD+ [8] and has a
minimum mapping unit of one hectare.

2.3. Reference Data

To quantify the accuracy of tree cover products, we compared tree cover products to a reference
dataset collected by two trained image interpreters (see Supplementary Materials). The reference
dataset consisted of randomly selected Landsat pixels across Costa Rica (n = 1300). At each pixel with
valid imagery (n = 1154), the interpreters used freely available high-resolution data to quantify tree
cover (0%–100%) and identify land use. In each 30 m × 30 m pixel, a 5 × 6 grid was placed on top
of each pixel to aid estimation of tree cover percentage. Interpreters used a reference year of 2015; if
cloud-free 2015 imagery was not available, the closest available year was used. The average tree cover
between the two interpreters was used as the reference tree cover estimate. Trees within intensively
cultivated crop fields were not quantified as tree cover (e.g., oil palm, coffee), but hedgerows were
considered tree cover. Inclusion of agricultural tree cover in oil palm and coffee fields did not change
overall results. Any points that resulted in disagreement between interpreters (either in land cover or a
>50% difference in tree cover estimates) were reevaluated to arrive at a consensus reference estimate.
Differences in land cover or tree cover >50% occurred in four instances, and in all cases, were resolved
after discussion (i.e., they arose from individual user error, not disagreements).

To evaluate potential agricultural cover biases in tree cover products, we quantified commission
errors in tree cover prediction using a separate agricultural reference data set. This data set included
the top six crop species in Costa Rica by area harvested (Table 2). The agricultural reference data set
was created by randomly selecting 50 data points for each of the top six crops (300 points total) from
a larger agricultural dataset consisting of crop field locations by species. These agricultural GNSS
points were collected by the Ministrio de Agricultura y Ganaderia de Costa Rica (MAG) as part of
visits to assess crop pest outbreaks (2008–2011). To ensure the geolocation and species was correct,
each of the 300 randomly selected fields were validated using trained collectors and freely available
high-resolution satellite imagery. If the points were not located inside agricultural fields in 2015, then
they were moved to the closest appropriate field of that species.

Table 2. FAO statistics of agricultural harvest in Costa Rica by area.

Top Costa Rican Crops by Area Harvested, 2015
Crop Area Harvested (ha) FAOstat Description

Coffee, green 84,133 Official data
Oil palm fruit 69,426 Official data

Sugarcane 64,676 Official data

Fruit, fresh * 51,062 FAO data based on imputation
methodology

Rice, paddy 48,901 Official data
Banana 43,024 Official data

Pineapple 40,000 Official data

* “Fruit, fresh” was not included in the reference data because it is not one species or land cover type.

2.4. Accuracy Assessment and Tree Cover Thresholding

First, the overall accuracy of the global GFC product was examined using a linear regression
between observed and GFC-estimated percentile tree cover estimates (arcsine-transformed). Next, to
directly compare the accuracy of the continuous GFC percentile tree cover estimates with the other
two binary classification products (GCL and Landa), the GFC product was converted to a binary map
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(i.e., forest/non-forest) by thresholding tree cover. For example, a 90% threshold meant that the GFC
product pixel had to have ≥90% tree cover for it to be considered forest. To determine the optimal tree
cover threshold for binary map accuracy, all possible forest thresholds for the GFC product were tested
as follows.

The GFC tree cover estimates were first converted to forest/non-forest at every potential tree
cover threshold between 1% and 100%. Each resulting binary forest/non-forest GFC map was then
compared to our reference data at the same threshold (creating reference forest and non-forest land use
classes). For each percentile threshold map, the resulting producer’s accuracy and user’s accuracy
were calculated as means across classes using a confusion matrix. The optimal percentile tree cover
threshold that maximized overall accuracy while minimizing the difference between class omission
and commission errors was then selected as the optimal GFC tree cover threshold for further analysis
(Figure 1, see Section 3.1).
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Figure 1. Overall accuracy at all possible reference data thresholds (1%–100% tree cover) for all
forest/non-forest products. Connected points indicate overall accuracy, while dotted lines show 95%
confidence intervals in overall accuracy estimates. Vertical lines show potential tree cover thresholds to
define forest cover (30%, 60%, and 89%).

Finally, to facilitate consistent comparisons among the three different forest/non-forest products
(GFC, GCL, and Landa), all possible tree cover thresholds (1%–100%) were used to convert the reference
data to forest/non-forest validation data. The GFC product was similarly thresholded (from 1% to
100%), as described above. The accuracy of each forest/non-forest map was then assessed at each of
the possible reference tree cover thresholds. In each map accuracy assessment, a standard confusion
matrix was used to assess the overall accuracy, producer’s accuracy (100-commission error), and user’s
accuracy (100-omission error) [48].
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2.5. Bias Assessment

If biases exist along precipitation and elevation gradients, we would expect errors in the
classifications to be nonrandom with respect to those gradients. To assess the occurrence of tree
cover under-prediction errors in all products, we analyzed reference data points with closed forest
canopies (defined as ≥89% tree cover, see Section 3.1 for threshold rationale). Conversely, to assess
the occurrence of tree cover over-prediction errors in all products, we analyzed reference data points
without a forest canopy (defined as <10% tree cover, below the FAO forest definition [39]).

To statistically test for precipitation and elevation bias in tree cover estimates across all tree cover
products (GCL, Landa, and GFC), we used a multiple logistic regression methodology to predict the
occurrence of classification errors. In each multiple logistic regression, we used the binary predicted
forest cover as the dependent variable (forest = 1 and non-forest = 0), with elevation, precipitation,
and the tree cover product as the independent variables. Due to small sample sizes at high elevations,
elevation and precipitation were not allowed to interact, but they did interact with the tree cover
product to allow for differences in accuracy across products. Within each tree cover product, significant
logistic regression coefficients were interpreted as evidence that errors in the respective classifications
were predictable, or more likely to occur, at high or low values of precipitation and elevation. Multiple
logistic regressions were conducted using R v3.5.1 [49].

For the GFC product only, we further quantified bias in continuous tree cover estimates (0–100%)
by subtracting the GFC estimated values from the reference tree cover values (GFC tree cover bias
= Reference − GFC). For this analysis, we examined only points with closed forest canopies (≥89%
reference tree cover; see Section 3.1 for threshold rationale). Differences between predicted and
reference of ≥ 90% were omitted from this analysis, as they all represented misclassifications at forest
edges, not continuous differences in estimates along gradients. First, simple linear regressions were fit
between GFC tree cover bias and precipitation, and tree cover bias and elevation, respectively.

Then, to examine clear non-linearities and discontinuities in bias across these broad gradients,
we used segmented regressions (where the segments were not required to connect) to predict the
relationship between precipitation and elevation, respectively, and tree cover estimation bias. The
segment changepoints for the regressions were determined by nonparametric changepoint analysis
(nCPA) [50], which detected potential nonlinear change thresholds in bias along the precipitation and
elevation gradients, respectively. To account for uncertainty in the change point estimation, the 95%
quantiles of potential change thresholds were selected as changepoints. To test for differences in slope
between regression segments, we subset each tree cover bias dataset into two groups at the respective
changepoint, and then fit a multiple linear regression to the whole dataset (both groups), with subset
as a covariate.

Finally, the tree cover estimation bias with respect to agricultural cover was assessed for six crop
species using the agricultural reference dataset (n = 300). At each reference point, GFC tree cover
estimates were extracted, as well as GCL and Landa binary forest cover values. Agricultural points
with estimated tree cover >0% (GFC) or with tree cover present (GCL, Landa) were quantified as
commission error.

3. Results

3.1. Tree Cover Threshold Analysis

The definition of forest cover, as expressed in the tree cover threshold for the reference data
(1–100%), affected the absolute accuracy of the forest/non-forest maps by 20%–30% (Figure 1). However
in general, the overall accuracy ranking of the maps relative to each other was consistent across tree
cover thresholds ranging from 40% to 95% for (Figure 1). Across this range, the GCL map exceeded the
GFC and Landa maps in overall accuracy, and the GFC and Landa maps had comparable accuracy. All
three maps were comparable in accuracy at a 37% tree cover threshold. Below the 37% threshold, the
Hansen map improved in overall accuracy while the forest/non-forest maps (GCL, Landa) degraded.
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Because of the overall consistency in relative rankings across a broad range of thresholds, we compared
accuracy in detail across forest/non-forest maps only at the 89% tree cover threshold (see below and
Table A1 for an accuracy comparison across three selected thresholds). Selecting a high reference
threshold for forest cover in Costa Rica was also supported by reference assessments of tree cover
in the visually classified forest land cover class, with a mean of 95% +/− 12% (mean +/− standard
deviation (SD)).

Across all possible percent tree cover thresholds, we found that an 89% threshold on the GFC
product resulted in the best balance of overall accuracy, class omission errors, and class commission
errors in the resulting forest/non-forest map (Figure 2). This tree cover threshold was the highest overall
accuracy in the region where both the GFC omission and omission errors differed by <5% between
forest and non-forest classes. Thresholds greater than 89% reduced overall accuracy substantially,
while thresholds less than 80% led to sharply declining commission and omission accuracies for the
non-forest class. Although overall accuracy rose at lower thresholds, this resulted from non-forest
reference pixels being less common at lower forest thresholds (by definition).
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Figure 2. Tree cover accuracy at varying thresholds for the GFC product. The solid vertical line indicates
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3.2. Global and Regional Map Accuracy

3.2.1. Accuracy of Continuous Tree Cover (GFC Only)

The global GFC percent tree cover product was able to predict a portion of the variation in the
reference percent tree cover (Figure 3; linear regression, p < 0.0001, R2 = 0.44). Updating the GFC
product from the year 2000 to the year 2015 slightly improved the overall accuracy (original 2000 data,
linear regression, p < 0.0001, R2 = 0.42). The regressions were strongly influenced by the 0% and
100% reference values; omitting those values lowered predictive ability of both regressions (p < 0.0001,
R2 = 0.11–0.13).



Forests 2019, 10, 853 8 of 31
Forests 2019, 10, x FOR PEER REVIEW 8 of 31 

 

 
Figure 3. Percent tree cover accuracy for the GFC product, evaluated by comparing reference tree 
cover to tree cover predicted by the GFC. Because of overplotting, the point data are shown in two 
ways. The hexagons represent binned counts of point data, with the color of a hexagon representing 
the point count in that hexagon. The original data are indicated by semi-transparent grey points. The 
black line indicates a significant mean fit for an untransformed linear regression, and the gray region 
indicates the confidence intervals for the prediction. 

3.2.2. Comparing Forest/Non-forest Map Accuracy Across Tree Cover Products 

When compared to the reference data (89% forest threshold), the Hansen global forest change 
product (89% forest threshold) had intermediate overall accuracy among the three products (80.8% 
+/− 2.3%; Tables 3, A2). The spatial distribution of errors indicate that forest was underpredicted in 
the dry tropical forests of northwestern Costa Rica (Figure 4A,B). Forest was overpredicted in 
agricultural regions throughout Costa Rica, and particularly in banana and oil palm fields in the 
Atlantic and Pacific coastal plains. However, the GFC product appeared to predict small forest 
patches and narrow linear forest elements well across the entire country (Figure 4A, inset). 

Figure 3. Percent tree cover accuracy for the GFC product, evaluated by comparing reference tree cover
to tree cover predicted by the GFC. Because of overplotting, the point data are shown in two ways. The
hexagons represent binned counts of point data, with the color of a hexagon representing the point
count in that hexagon. The original data are indicated by semi-transparent grey points. The black line
indicates a significant mean fit for an untransformed linear regression, and the gray region indicates
the confidence intervals for the prediction.

3.2.2. Comparing Forest/Non-forest Map Accuracy Across Tree Cover Products

When compared to the reference data (89% forest threshold), the Hansen global forest change
product (89% forest threshold) had intermediate overall accuracy among the three products
(80.8% +/− 2.3%; Table 3, Table A2). The spatial distribution of errors indicate that forest was
underpredicted in the dry tropical forests of northwestern Costa Rica (Figure 4A,B). Forest was
overpredicted in agricultural regions throughout Costa Rica, and particularly in banana and oil palm
fields in the Atlantic and Pacific coastal plains. However, the GFC product appeared to predict small
forest patches and narrow linear forest elements well across the entire country (Figure 4A, inset).
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Figure 4. (A). Global Forest Change percentage tree cover (2015), showing the spatial distribution of 
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threshold was applied to the GFC and reference dataset to create a binary forest/non-forest 
classification for accuracy assessment. The colored points reflect the confusion matrix errors, 
visualized on the map. (B). Global Forest Change binary forest/non-forest map (2015), showing the 
spatial distribution of forest cover errors when compared to reference data in Costa Rica (n = 1154). 
An 89% tree cover threshold was applied to the GFC and reference dataset to create a binary 
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Figure 4. (A). Global Forest Change percentage tree cover (2015), showing the spatial distribution
of forest cover errors when compared to reference data in Costa Rica (n = 1154). An 89% tree cover
threshold was applied to the GFC and reference dataset to create a binary forest/non-forest classification
for accuracy assessment. The colored points reflect the confusion matrix errors, visualized on the map.
(B). Global Forest Change binary forest/non-forest map (2015), showing the spatial distribution of forest
cover errors when compared to reference data in Costa Rica (n = 1154). An 89% tree cover threshold
was applied to the GFC and reference dataset to create a binary forest/non-forest classification for
accuracy assessment. The colored points reflect the confusion matrix errors, visualized on the map.

The derived GCL global forest map had the highest overall accuracy (82.2 +/− 2.2%; Table 3,
Table A2). The map overpredicted forest cover (a user’s accuracy for forest of 77%). However, the
spatial distribution of errors appeared to be uniform across the country, with no apparent spatial
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pattern to over-prediction or under-prediction of forest cover (Figure 5). Further inspection revealed
that, despite its relatively small minimum mapping unit, the GCL product underpredicted and omitted
small forest patches and linear forest elements (Figure 5 inset). However these small errors were not
reflected in our reference data.
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Figure 5. Global Crop Land forest cover, showing the spatial distribution of forest cover errors
when compared to reference data in Costa Rica (n = 1154). Because the GCL forest cover is a binary
forest/non-forest classification, an 89% tree cover threshold was applied to the reference dataset. The
colored points reflect the confusion matrix errors, visualized on the map.

The Landa regional map had the lowest overall accuracy (79.3 +/− 2.4%; Table 3, Table A2) at
the 89% threshold, although it was comparable to or slightly better than the GFC product across a
wide range of tree cover thresholds (Figure 1). The map over-predicted forest cover (a user’s accuracy
for forest of 75%), which might be expected of a map with a reported forest cover threshold of 30%.
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However, visual inspection showed localized areas of under-prediction where forests were classified
as agriculture, typically around the edges of banana and coffee fields. The spatial distribution of
overprediction errors appeared to be random (Figure 6), with a tendency to cluster along forest margins.
Outside these clusters, a visual assessment indicated that the Landa map tended to under-predict
forest cover in small patches and linear elements, as would be expected from a map with a one hectare
minimum mapping unit.

Forests 2019, 10, x FOR PEER REVIEW 12 of 31 

 

of tree cover thresholds (Figure 1). The map over-predicted forest cover (a user’s accuracy for forest 
of 75%), which might be expected of a map with a reported forest cover threshold of 30%. However, 
visual inspection showed localized areas of under-prediction where forests were classified as 
agriculture, typically around the edges of banana and coffee fields. The spatial distribution of 
overprediction errors appeared to be random (Figure 6), with a tendency to cluster along forest 
margins. Outside these clusters, a visual assessment indicated that the Landa map tended to under-
predict forest cover in small patches and linear elements, as would be expected from a map with a 
one hectare minimum mapping unit. 

 
Figure 6. Landa regional tree cover, showing the spatial distribution of forest cover errors when 
compared to reference data in Costa Rica (n = 1154). Because the Landa forest cover is a binary 
forest/non-forest classification, an 89% tree cover threshold was applied to the reference dataset. The 
colored points reflect the confusion matrix errors, visualized on the map. 
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colored points reflect the confusion matrix errors, visualized on the map.
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Table 3. Confusion matrices for each of the forest/non-forest products. Shown here is the overall
percentage of reference points classified correctly (Overall accuracy), the per-class errors of omission
(Producer’s accuracy), and the per-class errors of commission (User’s accuracy). The colors correspond
to the point colors in Figures 4–6. See Table A2 and the text for area-corrected accuracy estimates;
overall accuracy changed by <0.3% before and after area-correction.

GFC Map Accuracy
Reference

Classified Non-forest Forest Total Users
Non-forest 495 119 614 81%

Forest 103 437 540 81%
Total 598 556 1154

Producers 83% 79%
Overall Accuracy 80.76%

GCL Map Accuracy
Reference

Classified Non-forest Forest Total Users
Non-forest 451 56 507 89%

Forest 147 500 647 77%
Total 598 556 1154

Producers 75% 90%
Overall Accuracy 82.41%

Landa Map Accuracy
Reference

Classified Non-forest Forest Total Users
Non-forest 436 71 507 86%

Forest 162 485 647 75%
Total 598 556 1154

Producers 73% 87%
Overall Accuracy 79.81%

3.3. Biases in Estimation of Tree Cover

3.3.1. Forest/Non-forest Biases along Precipitation and Elevation Gradients

For non-forest reference data (<10% tree cover) analyzed by logistic regression, all products
had small detectable biases in overestimating tree cover along elevation gradients. Tree cover was
overestimated with increasing elevation, but the total effect was <1% over the range of elevation
(p < 0.0002; Table A3). As precipitation decreased, only the GFC product was significantly less likely to
predict tree cover in non-forest areas. This small precipitation effect in non-forest areas mirrored the
stronger effect in forested areas (next paragraph), but weakened at increasing precipitation (p < 0.0007;
Table A3).

For forest reference data (>89% tree cover) analyzed by logistic regression, neither the GCL or
Landa forest products had detectable biases in underestimating tree cover along elevation gradients
(Figure 7). For the GCL product, precipitation was not a significant predictor (p = 0.6, Table A4) of the
probability of error in the forest/non-forest classification of forest reference points (i.e., the probability
of a map predicting non-forest in forest reference pixels). The Landa product was significantly more
likely to under-predict forest cover as precipitation declined, although the effect was small (Figure 7,
Table A4).



Forests 2019, 10, 853 14 of 31

Forests 2019, 10, x FOR PEER REVIEW 14 of 31 

 

 
Figure 7. Univariate logistic regressions showing the likelihood of forest reference points being 
classified as forest (1) or non-forest (0) along gradients of elevation (left) and precipitation (right). 
Each panel row shows a different map product classification (GFC, Landa, and GCL). Each point is a 
classified pixel that is known to be forest cover in the reference data (>89% tree cover). The black lines 
are the predicted classification probabilities of forest (1) and non-forest (0) from each logistic 
regression, with red lines representing confidence intervals. The box plots show the distribution of 
correct and incorrect forest predictions along relevant gradients. Significant effects in the multiple 
logistic regression (see text, Table A4) are highlighted by yellow boxplots. 

In contrast, the GFC product had detectable bias in underestimating tree cover along both 
precipitation and elevation gradients (Figure 7). The likelihood of underprediction of forest cover 
increased at lower elevations (p < 0.0001) and drier conditions (p < 0.0001; Table A4). Low 
precipitation regions (i.e., tropical dry forest) were largely found at low elevations (0 m–370 m; 
Figures A1–A4), so it was not possible to meaningfully examine an interaction between elevation and 
precipitation. 

3.3.2. GFC Tree Cover Biases along Precipitation and Elevation Gradients 

For the GFC percentage tree cover estimates, there was tree cover bias with respect to elevation 
(Figure 8). Linear regressions fit to the testing data initially indicated no trend in error in tree cover 
estimates with respect to elevation (Figure 8A; p = 0.147; R2 = 0.0021, AIC = 4173). However, the 
relationship between elevation and bias was nonlinear, as indicated by the improved fit of the 
segmented linear regression (Figure 8C; p < 0.0001; R2 = 0.052, AIC = 4146). The nCPA identified 370.5 
m as the 95th percentile changepoint (Figure A5). Below 370 m, mean levels of bias were significantly 
greater, likely because lowland dry forests were separated into this segment (Figure 8C; p < 0.0001). 
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Figure 7. Univariate logistic regressions showing the likelihood of forest reference points being
classified as forest (1) or non-forest (0) along gradients of elevation (left) and precipitation (right).
Each panel row shows a different map product classification (GFC, Landa, and GCL). Each point is
a classified pixel that is known to be forest cover in the reference data (>89% tree cover). The black
lines are the predicted classification probabilities of forest (1) and non-forest (0) from each logistic
regression, with red lines representing confidence intervals. The box plots show the distribution of
correct and incorrect forest predictions along relevant gradients. Significant effects in the multiple
logistic regression (see text, Table A4) are highlighted by yellow boxplots.

In contrast, the GFC product had detectable bias in underestimating tree cover along both
precipitation and elevation gradients (Figure 7). The likelihood of underprediction of forest cover
increased at lower elevations (p < 0.0001) and drier conditions (p < 0.0001; Table A4). Low precipitation
regions (i.e., tropical dry forest) were largely found at low elevations (0 m–370 m; Figures A1–A4), so it
was not possible to meaningfully examine an interaction between elevation and precipitation.

3.3.2. GFC Tree Cover Biases along Precipitation and Elevation Gradients

For the GFC percentage tree cover estimates, there was tree cover bias with respect to elevation
(Figure 8). Linear regressions fit to the testing data initially indicated no trend in error in tree cover
estimates with respect to elevation (Figure 8A; p = 0.147; R2 = 0.0021, AIC = 4173). However, the
relationship between elevation and bias was nonlinear, as indicated by the improved fit of the segmented
linear regression (Figure 8C; p < 0.0001; R2 = 0.052, AIC = 4146). The nCPA identified 370.5 m as
the 95th percentile changepoint (Figure A5). Below 370 m, mean levels of bias were significantly
greater, likely because lowland dry forests were separated into this segment (Figure 8C; p < 0.0001).
Above 370 m, tree cover in montane forests was underestimated by ~5% at 1000 m and by ~10% when
elevation reached 2000 m (Figure 8C, Table A5). Although this additional bias above 370 m was not
observed in our logistic regression results, this small elevation bias was found in >89% tree cover and
largely occurred in intact montane forests with 100% actual cover. The logistic regression analysis used



Forests 2019, 10, 853 15 of 31

an 89% forest cover threshold, and therefore would not have been sensitive to a small underestimate of
tree cover above 89% (e.g., a bias from 100% to 95%).
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Figure 8. Regressions of calculated tree cover bias (reference tree cover—GFC tree cover) against
elevation and precipitation, respectively. All data shown is classified as forest in the reference data
(true tree cover >90%). In the first row of graphs, the red lines indicate linear model fits to the data, and
the blue lines show LOESS regressions for illustration purposes. Subfigure (A) shows the elevation
linear fit, while subfigure (B) shows the precipitation linear fit. The second row shows segmented linear
regressions (red lines) fit to subsets of the data on either side of the changepoints (green dotted lines).
Subfigure (C) shows the elevation segmented regression fit, while subfigure (D) shows the precipitation
segmented regression fit.

By contrast, the underestimation of tree cover by the GFC product was large at low precipitation
levels. This precipitation bias is shown by a simple linear regression fit (Figure 8B; p < 0.0001, R2 = 0.19,
AIC = 4065). However, the relationship between precipitation and bias was also nonlinear, as is shown
by the improved fit of the segmented multiple linear regression (Figure 8D; p < 0.0001, R2 = 0.38,
AIC = 3925). At precipitation levels below 189 mm, tree cover was underestimated by as much
as 70%–80% when compared to the reference data (Figure 8D); 189 mm was identified as the 95th
percentile changepoint in our nCPA analysis (Figure A5). Below this changepoint, the segmented
regression slope was negative (p < 0.0001, precipitation effect, Table A3), while above 189 m, the
regression slope did not differ from 0 (Figure 8D, Table A5).



Forests 2019, 10, 853 16 of 31

3.3.3. Tree Cover Biases along Agricultural Gradients

The GCL and Landa forest products only had small biases along agricultural gradients, with
low rates of commission error over the most common crops in Costa Rica (Table 4). Less than
6% of agricultural validation points had tree cover for these two products, with the GCL slightly
outperforming Landa on average (Table 4). Because the bias was relatively small, it did not affect our
estimate for forest commission error in either map product. In our land cover validation data, both the
GCL and Landa product never classified an agricultural area as forest. However, visual inspection of
the Landa product indicated local underprediction of forest near agricultural fields that degraded its
accuracy (for example, classifying forest as banana (non-forest)).

Table 4. Commission error of map products in agricultural areas. The percentage of agricultural
validation points with forest cover is shown. Percentages were calculated for individual crops (n = 50)
and all crops (n = 300). Tree cover for the GFC map was converted to forest/non-forest cover at several
thresholds; for example, GFC0 denotes tree cover >0%, while GFC10 denote tree cover ≥ 10%, and
so on.

Crop Type GFC0 GFC10 GFC30 GFC60 GFC89 Landa GCL

Banana 86 86 84 80 52 4 0
Oil palm 86 86 86 84 80 10 8

Pineapple 48 48 42 24 2 0 0
Rice 24 18 10 8 2 0 2

Sugarcane 58 40 22 4 4 4 2
Coffee 82 82 80 66 38 16 4

All crops 64 60 54 44 30 6 3

The GFC product, by contrast, had extensive tree cover bias in agriculture (Table 4, Figure 9). We
found that 64% of the 300 agricultural points examined had tree cover greater than 0%, indicating
widespread overprediction of forest cover across multiple crop types. At least 54% of the agriculture
reference points had tree cover >30% in the GFC product (Table 4), and the maximum predicted tree
cover values at a given pixel for each crop type ranged between 89% and 100% (Figure 9).
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4. Discussion

4.1. Comparative Accuracy of Global and Local Tree Cover Products

Although our sample size of three forest products is small, this research directly challenges
the assumption that regional maps are better than global maps. The regional Landa forest product
examined in this study did not have better accuracy than either global tree cover product. We found
that the global GCL product had considerably better accuracy than the regional product, despite a
five-year difference between the reference data (2015) and the GCL product date (2010) that likely
lowered its reported accuracy. The GFC accuracy was comparable to the regional map overall, and
likely better than the regional map in the humid parts of Costa Rica. Relative to the regional Landa
product, the GFC’s lower performance largely stemmed from underestimation of tree cover in dry
tropical forests (Figure 4B) and in overestimation of tree cover in croplands.

Furthermore, a visual examination of the regional Landa product revealed large forest omission
errors (i.e., forest incorrectly classified as agriculture) in the zones dominated by banana and coffee
cultivation, respectively. The cause of the locally prevalent forest misclassification errors remains
unclear, but could be related to insufficient training data or the Bayesian classifier used in their
study [8]. Because these zones were not extensive across a large portion of Costa Rica, they did not
have a major effect on overall accuracy. However, this misclassification and the resulting forest cover
underestimation appears to persist across the entire Landa forest cover time series.

All forest products have their advantages and disadvantages, and should be used with caution [51].
Global forest products are consistent across boundaries, which allows forest cover to be compared
between countries. However, even though the global GCL product outperformed the other products
tested in terms of overall accuracy (Figure 1), its utility for global forest mapping is limited by several
considerations. First, although the minimum mapping unit is small, it had restrictive connectivity
requirements that meant thin forest elements were highly likely to be eliminated, even if they diagonally
connected as part of a large forest patch [46]. As a result, omission errors in mapping small forest
fragments and linear forest features were widespread. Second, the GCL product is not a time-series:
This composite forest map was only created for 2010, so the forest cover estimates would need to be
updated to monitor forest cover change. Finally, although the GCL is a global product, it differs among
continents and the accuracy of this product was only tested regionally. Additional local accuracy
assessments are needed to test this product outside Costa Rica.

Before a global or regional tree cover product is used, researchers need to determine if it best
suits the needs of their analyses [51]. Despite the overall poor relative performance of the global GFC
product, it was preferable to the GCL and Landa forest products in three respects. The first major
advantage is that the GFC product measures percent tree cover. This gives the product versatility and
flexibility, especially when countries define forest using percent canopy cover over a given area [39].
The legal definition of forest could be changed without requiring a new national forest map to be
made, saving time and money. Second, commission errors for forest were higher for the GCL and
Landa products; only the GFC predicted more non-forest than forest, as was found in our reference
data. Third, our visual assessment indicated that the GFC product did the best job at predicting small
forest elements and linear forest features, readily identifying isolated trees and tree cover outside
forests (Figures 5–7, insets). These forest features are quite important to analyses of fragmentation and
connectivity [52,53].

It may be possible to create more accurate tree cover products by integrating regional and global
approaches. For example, Sannier et al. [40] created a methodology to process the GFC product to
match the land cover and the national definition of forest in Gabon, as the original GFC product
over-predicted tree cover. In an innovative fusion approach, McRoberts et al. [41] input both global
and regional tree cover maps as predictors in a statistical model to increase the accuracy of forest cover
estimates in a region of Brazil. Both of these studies showed promising results in leveraging global
products for more accurate regional forest maps, but the regions they mapped were relatively uniform
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in land cover and climate. In regions with significant biophysical gradients, further work may be
necessary to integrate regional and global forest cover products.

4.2. Biases in Estimation of Tree Cover

The GCL global forest cover product and the regional Landa product did not strongly over-estimate
or under-estimate tree cover along gradients of precipitation, elevation, or agricultural cover. However,
the GFC product showed strong tree cover estimation bias across all three gradients. The GFC elevation
bias was relatively small but consistently increased with elevation, rising to ~10% at >2000 m in
elevation in Costa Rica. This bias could arise from noise artefacts introduced by terrain shadowing,
persistent cloud cover at high elevation, cloud shadows [14,22,54,55], or semitransparent clouds [22,56].
Any of these artefacts could generate subpixel contamination in the composite imagery used to classify
tree cover in the GFC product. In a comparison of global tree cover products across Africa, Gross et
al. [57] found significant disagreement in tree cover predictions across mountainous terrain. Although
this study focused on Costa Rica, tree cover underestimation at high elevations could potentially
constitute a global artefact in the GFC product as shadowing and cloud cover in mountain ranges are
ubiquitous [13].

Furthermore, the GFC product dramatically underestimated tree cover in dry tropical forests,
especially when average monthly precipitation ranged from 74 mm to 189 mm. At this lowest range of
precipitation, the GFC product underestimated tree cover by as much as 70%–80%. Although they did
not quantify the degree of bias as precipitation declines, other global forest products have documented
low accuracy in tropical dry forests [58], potentially for similar reasons. Taken together, the results of
Sannier et al. [40] and Hojas-Gascon et al. [59] suggest that the GFC tends to overpredict tree cover in
humid regions and under-predict tree cover in dry regions. Our results support this interpretation
of their work. One possible explanation for the GFC’s underestimation of tree cover in dry tropical
forests is that cloud-free, dry season Landsat imagery was likely preferred by the GFC’s Google Earth
Engine Landsat compositing algorithm [5,58]. During the dry season, many dry tropical forest canopies
senesce. Instead of estimating tree canopy cover, any dry season-dominated composite would estimate
tree cover from understory conditions and evergreen tree cover.

If the results observed in our study hold globally, then estimates of tree cover from the GFC in
tropical dry forests would be biased low. In drylands, Bastin et al. [15] showed that the Hansen GFC
underestimated sparse forest area (<10% tree cover) by as much as a third. Staver and Hansen [60]
argued that MODIS VCF products, which were used to create the GFC [5], should not be used below
30% tree cover. However the tropical dry forests examined here are less arid than the drylands in
previous studies [61]; our work extends the known bias for the GFC product to ecosystems with much
higher potential tree cover (100%) and carbon storage. If the trends observed here for estimating dry
forest cover hold globally, then estimates that arise from tree cover (forest loss, forest gain, carbon
storage, etc.; [62,63]) in dry forest ecosystems are likely also biased low.

In addition to the precipitation and elevation biases, the GFC product also committed errors in
estimating tree cover within agricultural fields. Although banana, oil palm, and coffee crops were
extensively classified as tree cover in the GFC product, this is partly to be expected from the GFC’s
definition of “forest” (all vegetation taller than 5 m in height; [17,64]). However, it should also be noted
that in this analysis the GFC product extensively predicted tree cover in short row crops like pineapple,
rice, and sugarcane. Although Tropek et al. [17] anecdotally documented the existence of agricultural
row crop errors, our sample is statistically robust and indicates much larger errors than previously
observed. All row crops included error pixels with ≥89% tree cover (Figure 9), and sizeable fractions
(between 10% and 86%) of each crop type had tree cover in excess of 30% (Table 4). The misclassified
pixels do not represent edge pixels or mixed land covers, as the samples were taken from the interior
of uniform fields.

Errors in row crop classification potentially resulted from using temporal dynamics in reflectance
(i.e., greenness) as a predictor of tree cover [5], and may be most pronounced in tropical agricultural
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zones because of perennial agricultural cover. This may contribute to the small observed increase in tree
cover estimates in open fields with increasing mean precipitation. Caution should be exercised when
using the GFC product in fragmented agricultural landscapes dominated by row and tree crops [17].
In these landscapes, estimates of forest cover, fragmentation, connectivity and carbon storage may
all be biased upwards. The importance and magnitude of agricultural cover errors in the GFC will
likely worsen over time as croplands expand in the tropics [18,65]. These errors could be mitigated
going forward by incorporating height and structural information from new lidar and radar data
(e.g., [66,67]) into global forest products.

Although the GFC product has the advantage of being a time series of change in tree cover, its biases
call into question the accuracy of its forest cover, gain, and loss products in agricultural landscapes
and arid ecosystems. Planting and harvesting of crops could be interpreted as forest gain and loss,
and this misclassification could deceive or be abused by local policy-makers and land managers
making conservation decisions [17]. Furthermore, forest gain and loss may be underestimated in both
drylands [63] and seasonally dry forests, calling into further question the utility of the GFC product for
global forest monitoring outside humid regions. Our results indicate that the GFC product is most
accurate in tropical regions with little relief, high, aseasonal rainfall, and low cropland area, such as the
Amazon basin.

5. Conclusions

Researchers need to be careful when selecting forest cover products for analyses, as they vary
in their ability to accurately map forest cover, fragmentation, and connectivity. Although the GFC
product is the most widely used forest cover product for global and regional analyses, its accuracy was
intermediate when compared to other forest products. The GCL product had the highest accuracy
of all the products tested, challenging the assumption that regional map products are more accurate
than global products. Biases in GFC tree cover estimates were found along gradients of precipitation,
elevation, and agricultural cover. Global assessments need to be conducted to understand whether the
observed GFC underpredictions of tree cover along biophysical gradients in Costa Rica have similar
magnitudes elsewhere in the tropics. Since many forest product errors are spatially distributed, future
research needs to account for spatial bias when attempting to analyze or generate forest products.
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Appendix A

In the main text, overall accuracy of the different map products is compared at different potential
tree cover thresholds (1%–100%). For the GFC product only, we further compared detailed accuracies
for each land cover class (i.e., forest or non-forest) at all possible thresholds. No one tree cover threshold
is correct per se; all depends on the desired definition of forest cover. In the first part of this appendix
section, we present the overall and class accuracies for each of the three different forest maps at
three possible forest definitions: 30%, 60%, and 89% tree cover (Table A1). To do this, we compare
predictions of the map product against reference locations where the tree cover is known. We then
calculate accuracy using a confusion matrix that shows overall accuracy (%), the class user’s accuracy
(100-commission error), and the class producer’s accuracy (100% omission error).

http://www.mdpi.com/1999-4907/10/10/853/s1
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Table A1. Detailed confusion matrices showing the accuracy of different forest/non-forest maps at
three forest cover thresholds (30%, 60%, and 89%). Producer’s accuracy and user’s accuracy are
abbreviated below.

Reference data thresholded at 89%

GFC, 89% threshold Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 495 119 614 80.6
Forest 103 437 540 80.9

Total 598 556 1154 Overall
Prod. Acc. 82.8 78.6 80.8

GCL Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 451 56 507 89.0
Forest 147 500 647 77.3

Total 598 556 1154 Overall
Prod. Acc. 75.4 89.9 82.4

Landa Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 436 71 507 86.0
Forest 162 485 647 75.0

Total 598 556 1154 Overall
Prod. Acc. 72.9 87.2 79.8

Reference data thresholded at 60%

GFC, 60% threshold Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 359 91 450 79.8
Forest 153 551 704 78.3

Total 512 642 1154 Overall
Prod. Acc. 70.1 85.8 78.9

GCL Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 412 95 507 81.3
Forest 100 547 647 84.5

Total 512 642 1154 Overall
Prod. Acc. 80.5 85.2 83.1

Reference data thresholded at 60%

Landa Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 393 114 507 77.5
Forest 119 528 647 81.6

Total 512 642 1154 Overall
Prod. Acc. 76.8 82.2 79.8
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Table A1. Cont.

Reference data thresholded at 30%

GFC, 30% threshold Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 270 86 356 75.8
Forest 138 660 798 82.7

Total 408 746 1154 Overall
Prod. Acc. 66.2 88.5 80.6

GCL Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 327 180 507 64.5
Forest 81 566 647 87.5

Total 408 746 1154 Overall
Prod. Acc. 80.1 75.9 77.4

Landa Reference Data
Predicted Nonforest Forest Total User Acc.

Nonforest 332 175 507 65.5
Forest 76 571 647 88.3

Total 408 746 1154 Overall
Prod. Acc. 81.4 76.5 78.2

In the second part of this appendix section, we present area-corrected estimates of accuracy
following the recommendations and methods of Olofsson et al. [68]. Taking the data presented in
Table 3, along with the area of forest and non-forest in the land cover maps, we calculated revised
estimates of accuracy and area (Table A2). Because both the area of forest and non-forest was relatively
balanced across the maps, corrected overall accuracy had only minor differences with uncorrected
accuracy (Table 3). For the Landa and GCL maps, the corrected area of non-forest was higher than the
uncorrected estimate, and corrected omission errors for non-forest were correspondingly greater.

Table A2. Detailed, area-corrected confusion matrices showing the user’s, producer’s, and overall
accuracy of different forest/non-forest maps at the 89% forest cover threshold. Overall accuracy and
corrected area estimates are shown (mean +/− 95% confidence interval).

Reference data thresholded at 89%

GFC, 89% threshold Reference Data
Predicted Nonforest Forest Total User Acc. Original Map Area (km2)

Nonforest 0.394 0.0947 0.489 80.6 29675
Forest 0.098 0.414 0.511 80.9 31049

Total 0.492 0.508 1 Overall Corrected Area (km2)

Prod. Acc. 80.2 81.4 80.8
+/− 2.3

NF: 29846 +/− 1387
For: 30878 +/− 1387

GCL Reference Data
Predicted Nonforest Forest Total User Acc. Original Map Area (km2)

Nonforest 0.373 0.0463 0.419 89.0 25451
Forest 0.132 0.449 0.581 77.2 35290

Total 0.505 0.495 1 Overall Corrected Area (km2)

Prod. Acc. 73.8 90.7 82.2
+/− 2.2

NF: 30658 +/− 1335
For: 30083 +/− 1335

Landa Reference Data
Predicted Nonforest Forest Total User Acc. Original Map Area (km2)

Nonforest 0.337 0.0549 0.392 86.0 23816
Forest 0.152 0.456 0.608 75.0 36908

Total 0.489 0.511 1 Overall Corrected Area (km2)

Prod. Acc. 68.9 89.2 79.8
+/− 2.4

NF: 29722 +/− 1428
For: 31002 +/− 1428
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Appendix B

To examine bias in prediction of forest cover with respect to precipitation and elevation, we
performed logistic regression analyses on all binary tree cover products, and linear regression analyses
of the continuous product. Because low precipitation regions (<2000 mm annually, or 166.67 mm per
month) primarily occurred at lower elevations, we could not meaningfully examine interactions between
elevation and precipitation in any regression model predicting tree or forest cover (Figures A1–A4).

We first examined the probability of predicting forest cover in areas with <10% reference tree cover.
We fit a full logistic regression model to the data, examining the effect of precipitation, elevation, and
product type on forest cover presence (0 or 1). Precipitation and elevation, respectively, were allowed
to interact with product type. The results show a significant general effect of elevation and a significant
interaction between GFC and precipitation (Table A3). Forest was more likely to be predicted at higher
elevation for all products, and for the GFC product, more likely to be predicted at higher precipitation.
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Figure A4. GFC estimated tree cover across Costa Rica, displayed to emphasize bias patterns. Note
differences in estimated tree cover between the east and west of the country; similar trends do not exist
in the reference tree cover data, as noted in Figure 4A.

Table A3. Detailed model fit for the non-forest multiple logistic regression of the probability of predicted
forest cover (0 or 1) against precipitation, elevation, and product type (GFC, Landa, and GCL). The
data used for this analysis were non-forest reference data where tree cover was <10%.

Non-Forest Logistic Model (All Products)
Predictors Estimate Std. Error p-Value

Precipitation −0.0017144 0.002415 0.4778
GFC product −4.0014035 0.6849305 <0.0001

Landa product −2.910978 0.6438071 <0.0001
GCL product −1.5764706 0.589835 0.0075

Elevation 0.0008226 0.0002233 0.0002
Precipitation: GFC 0.0102934 0.0034168 0.0026

Precipitation: Landa 0.0053222 0.0034186 0.1195
Elevation: GFC −0.0005028 0.0003418 0.1413

Elevation: Landa −0.0002368 0.000324 0.4647

We next examined the probability of predicting forest cover in areas with 89% or above reference
tree cover. We fit a full logistic regression model to the data, examining the effect of precipitation,
elevation, and product type on forest cover presence (0 or 1). Precipitation and elevation, respectively,
were allowed to interact with product type. The full model results show a significant interaction
between GFC and precipitation, and a significant interaction between GFC and elevation (Table A4). To
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further examine the performance of each tree cover product, we fit logistic regressions to each product
to examine the probability of predicting forest as a function of elevation and precipitation. As seen
in the full model, the GFC product was more likely to predict forest as elevation and precipitation
increased, respectively. The Landa product was more likely to predict forest as precipitation increased,
a result obscured in the full model (Table A4).

Table A4. Detailed model fits for the forest multiple logistic regressions of the probability of predicted
forest cover (0 or 1) against precipitation, elevation, and product type. The data used for this analysis
were forest reference data where tree cover was greater or equal to 89%. The full model fit is shown first,
followed by individual model fits for each of the three tree cover products (GFC, Landa, and GCL).

Forest Logistic Model (All Products)
Predictors Estimate Std. Error p-Value

Precipitation 0.003303 0.002048 0.1068
GCL product 1.324 0.5045 0.0087
GFC product −3.651 0.4903 <0.0001

Landa product 0.2989 0.4548 0.511
Elevation 0.00009815 0.0002087 0.6382

Precipitation: GFC 0.01636 0.003107 <0.0001
Precipitation: Landa 0.002722 0.002821 0.3347

Elevation: GFC 0.0008794 0.0003262 0.007
Elevation: Landa 0.0002165 0.0002954 0.4636

Forest Logistic Model (GFC Product)
Predictors Estimate Std. Error p-Value

(Intercept) 0.1112 0.05537 0.0451
Precipitation 0.002366 0.0002089 <0.0001

Elevation 0.0001257 0.00002141 <0.0001

Forest Logistic Model (Landa Product)
Predictors Estimate Std. Error p-Value

(Intercept) 0.6927 0.05092 <0.0001
Precipitation 0.0006298 0.0001921 0.0011

Elevation 0.00003345 0.00001969 0.0899

Forest Logistic Model (GCL Product)
Predictors Estimate Std. Error p-Value

(Intercept) 0.8214 0.04638 <0.0001
Precipitation 0.0002868 0.000175 0.102

Elevation 0.000009398 0.00001793 0.6

To further examine bias in the GFC product, we fit two segmented linear regressions to the
calculated bias (Reference tree cover (%) − GFC tree cover (%)) with elevation and precipitation,
respectively, as predictors. Nonparametric changepoint analysis (nCPA detected potential nonlinear
change thresholds in bias along the precipitation and elevation gradients, respectively. To account
for uncertainty in the change point estimation, the 95% quantiles of potential change thresholds were
selected as changepoints (Figure A5; 370.5 m for elevation, 189.04 mm for precipitation). The dataset
was then labeled by segmented relative to the changepoint (above/below), and thus the segment was
included as a factor predictor in each model.
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Figure A5. Plots of nonparametric changepoint analysis (nCPA) quantiles, showing the total deviance
at each possible changepoint split. Each point is a quantile (every 5%) of the distribution of
changepoints from the nCPA analysis bootstrap, with the exact changepoint value on the x-axis.
The red line indicates the changepoint values selected for the segmented regressions on elevation and
precipitation, respectively.

For elevation, three models were compared: (1) Elevation alone, (2) elevation and segment (i.e.,
slope constant on both sides of segment, intercept varies), and (3) elevation interacts with segment
(intercept and slope vary on each side of segment). The best-fit model (∆AIC = −1.484) was the second
(slope constant, intercept varies; Table A5).

Table A5. Detailed model fits for the segmented multiple linear regressions of GFC tree cover against
precipitation and segment, and elevation and segment, respectively. The best-fit model for elevation
did not include an interaction with segment, while the best-fit model for precipitation included an
interaction with segment.

Segmented Linear Regression Model, Elevation
Predictors Estimate Std. Error p-Value

(Intercept) 10.321845 0.765543 <0.0001
Elevation 0.003415 0.001111 0.0022
Segment −8.630746 1.607162 <0.0001

Segmented Linear Regression Model, Precipitation
Predictors Estimate Std. Error p-Value

(Intercept) 81.22493 8.71178 <0.0001
Segment −74.11321 8.99691 <0.0001

Precipitation −0.37508 0.055 <0.0001
Precipitation:Segment 0.36621 0.05557 <0.0001
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For precipitation, three models were compared: (1) Precipitation alone, (2) precipitation and
segment (i.e., slope constant on both sides of segment, intercept varies), and (3) precipitation interacting
with segment (intercept and slope vary on each side of segment). The best-fit model (∆AIC = −40.05)
was the third (slope and intercept vary; Table A5). The segment effect is essentially an adjustment to
the regression intercept to the right of the segment point.
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