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A B S T R A C T

Agricultural land now exceeds forests as the dominant global biome. Because of their global dominance, and
potential expansion or loss, methods to estimate biomass and carbon in agricultural areas are necessary for
monitoring global terrestrial carbon stocks and predicting carbon dynamics. Agricultural areas in the tropics
have substantial tree cover and associated above ground biomass (AGB) and carbon. Active remote sensing data,
such as airborne LiDAR (light detection and ranging), can provide accurate estimates of biomass stocks, but
common plot-based methods may not be suitable for agricultural areas with dispersed and heterogeneous tree
cover. The objectives of this research are to quantify AGB of a tropical agricultural landscape using a tree-based
method that directly incorporates the size of individual trees, and to understand how landscape estimates of AGB
from a tree-based method compare to estimates from a plot-based method. We use high-resolution (1.12m)
airborne LiDAR data collected on a 9280-ha region of the Azuero Peninsula of Panama. We model individual tree
AGB with canopy dimensions from the LiDAR data. We apply the model to individual tree crown polygons and
aggregate AGB estimates to compare with previously developed plot-based estimates. We find that agricultural
trees are a distinct and dominant part of our study site. The tree-based approach estimates greater AGB in pixels
with low forest cover than the plot-based approach, resulting a 2-fold difference in landscape AGB estimates
between the methods for non-forested areas. Additionally, one third of the total landscape AGB exists in areas
having<10% cover, based on a global tree cover product. Our study supports the continued use and devel-
opment of allometric models to predict individual tree biomass from LiDAR-derived canopy dimensions and
demonstrates the potential for spatial information from high-resolution data, such as relative isolation of ca-
nopies, to improve allometric models.

1. Introduction

At 38% of Earth's surface area, cropland and pasture exceeds forest
as the dominant global terrestrial biome (FAO, 2016). A common
pathway from forest to agriculture, especially prevalent in tropical
areas, is conversion of forest to pasture land, followed by conversion to
croplands (Graesser et al., 2015). Globally, an estimated 83 million
hectares of primary and degraded tropical forest have been converted to
agricultural land between the 1980s and 1990s (Gibbs et al., 2010).
These large shifts from forest area to cropland are associated with a loss
of carbon storage and sequestration because of the reduction of
standing biomass and soil carbon (Pan et al., 2011).

Despite the global decline of forest cover, agricultural areas in the

tropics are characterized by remnant trees that provide ecosystem
services, including seed sources for forest recovery, habitat for wildlife,
and valuable forest products for landowners (Harvey et al., 2005, 2006;
Harvey and Haber, 1999; León and Harvey, 2006; Medina et al., 2007;
Prevedello et al., 2017; Slocum and Horvitz, 2000; Zahawi et al., 2013).
Agricultural tree cover can exist as individual trees, scattered groups of
trees, live fences, windbreaks, and small forest fragments or riparian
forests (Griscom et al., 2011; Harvey et al., 2006; Plieninger, 2012). In
addition, while tropical agricultural lands contain less standing biomass
than forests, agricultural trees are important sinks and pools of carbon
in the form of living biomass (Zomer et al., 2016). The dominance of
agricultural land means that tropical agricultural areas have an influ-
ential role in global carbon dynamics with potential for additional

https://doi.org/10.1016/j.rse.2018.09.009
Received 30 November 2017; Received in revised form 26 July 2018; Accepted 13 September 2018

⁎ Corresponding author at: Nelson Institute for Environmental Studies, University of Wisconsin-Madison, Madison, WI 53706, United States of America.
E-mail address: sjgraves@wisc.edu (S.J. Graves).

Remote Sensing of Environment 218 (2018) 32–43

0034-4257/ © 2018 Published by Elsevier Inc.

T

http://www.sciencedirect.com/science/journal/00344257
https://www.elsevier.com/locate/rse
https://doi.org/10.1016/j.rse.2018.09.009
https://doi.org/10.1016/j.rse.2018.09.009
mailto:sjgraves@wisc.edu
https://doi.org/10.1016/j.rse.2018.09.009
http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2018.09.009&domain=pdf


emissions through the loss of existing agricultural tree biomass (Harvey
et al., 2011), or enhanced sequestration through forest and landscape
restoration (Chazdon et al., 2016b).

Remotely sensed data are increasingly used to estimate forest cover
and carbon stocks from local to global scales. Landcover classification
into discrete categories by optical satellite data, such as the Landsat and
MODIS systems, has contributed to an understanding of dynamics be-
tween forest and agricultural areas in Latin America (Aide et al., 2013;
Graesser et al., 2015). Given the large difference in biomass and carbon
between forest and agricultural areas, these land cover classifications
provide critical information for quantifying biomass and carbon dy-
namics. However, variation in biomass within forest and agricultural
areas can be substantial, and the boundary between what is forest and
not forest imprecise. As a result, continuous measurements of vegeta-
tion structure, such as percent tree cover and tree height, are critical for
understanding forest dynamics in heterogeneous landscapes, and in-
direct estimation of vegetation structure from optical sensors remains
an important challenge (Caughlin et al., 2016; Hansen et al., 2013).

Active remote sensing technologies, such as light detection and
ranging (LiDAR), can provide structural information to further resolve
variation in canopy cover and aide in biomass estimation. For example,
LiDAR measurements of the canopy surface height (at 0.1 to 1 ha spatial
resolution), when matched to field-measured tree inventory plots where
biomass has been estimated, can be used to refine estimates of AGB
from optical image data to provide country-wide estimates of biomass
or carbon density (Asner et al., 2013, 2016; Asner and Mascaro, 2014).
One primary benefit of this approach is that field-calibrated models of
plot biomass can be applied to large areas to provide spatial data on the
variation in a property of interest.

However, methods that combine inventory plots with remote sen-
sing data at the plot scale (0.1 to 1 ha) may perform poorly in tropical
agricultural areas. This is because the vegetation structure of agri-
cultural areas is different than that of forests. Agricultural areas contain
large areas with few or no trees, so plot sampling approaches typically

used in forest studies do not measure agricultural tree structure well. To
accurately quantify the contribution of agricultural trees to landscape
AGB requires remote sensing methods that can represent individual
trees, rather than the height of a smoothed canopy surface. With advent
of high spatial resolution LiDAR data, and algorithms to detect in-
dividual trees (Coomes et al., 2017; Dalponte et al., 2015; Duncanson
et al., 2014; Ferraz et al., 2016; Zhen et al., 2016), more tree-centered
AGB estimates are possible, where the size of individual trees, rather
than the height or canopy cover of forest plots, is measured from remote
sensing data and linked to field observations of those same individuals.

Studies comparing plot- and tree-based approaches to estimate AGB
in ecosystems with heterogeneous tree cover highlight the importance
of measuring individual trees. In an African savanna, Colgan et al.
(2013) found that a plot-based method underestimated AGB because
the plot-level top of canopy height measurement could not distinguish
between differences in plot structure, such as a homogeneous canopy of
small trees versus a heterogeneous canopy of one or a few large trees.
Additionally, Coomes et al. (2017) implemented a tree-based approach
to estimate biomass in closed canopy tropical forest in Malaysia. The
authors argue that while the tree-based approach had slightly higher
uncertainty than the plot-based approach, the continued development
of these methods is needed to provide input to models of individual tree
dynamics and fine-scale forest biomass, which may be hard to resolve
with plot-based data and analysis. Finally, the utility of using individual
tree crown size metrics to quantify biomass and carbon stocks with
LiDAR data was recently demonstrated with a global dataset across
forest types (Jucker et al., 2016), paving the way for application of
these methods in different ecosystems and landscapes.

In this study, we implement a tree-based method for estimating AGB
of an agricultural landscape in Panama, and compare our tree-based
estimates with plot-based estimates for the same area. The objective of
this study is to assess a tree-based versus a plot-based approach to es-
timate AGB of agricultural landscapes, with respect to the agricultural
tree cover contribution to landscape AGB, model error, and the

Fig. 1. Map of the study site on the Azuero Peninsula of Panama. A) Tree cover on the Azuero Peninsula from the 2010 Hansen global tree cover analysis (Hansen
et al., 2013). B) Carnegie Airborne Observatory (CAO) canopy height model (CHM) from 2012 of the 9280-hectare study site. Orange dots show the locations of the
field data. The global tree cover product is shown outside the study site. C) Subset of study site showing mapped crown polygons on the CHM.
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scalability to large areas for landscape assessments. We hypothesize
that tree-based approaches can provide large improvements in AGB
estimation because they capture the high structural heterogeneity in
agricultural landscapes with dispersed tree cover, and because this
dispersed tree cover is not directly measured in plot-based estimates.
This study addresses two questions; First, what is the contribution of
trees in agricultural areas to landscape estimates of AGB? Second, how
do individual tree- and plot- based approaches to AGB estimation
differ?

2. Methods

2.1. Study site

The Azuero Peninsula of Panama has a long history of agricultural
development, which has left a landscape dominated by crop fields and
pastures (Heckadon Moreno, 2009; Metzel and Montagnini, 2014). The
8000 km2 peninsula is located on the Pacific side of Panama at ap-
proximately 7.5° N, and 80.5° W (Fig. 1A). Though the peninsula is now
dominated by non-forest land use, the area was historically covered in
tropical dry broadleaf forest to the south and east, and moist broadleaf
forest in the west based on temperature, precipitation, and species
distribution patterns (Olson et al., 2001). In the most southern region of
the peninsula where this study was conducted, mean annual rainfall is
1946 (standard deviation=65) mm per year with on average
5.2 months of drought characterized by<100mm of rainfall per
month (Park et al., 2010). The current scarcity of forest on the Azuero
Peninsula is a result of centuries of forest clearing for cattle and
farming, initiated by Spanish colonists and intensified during the latter
half of the 20th Century (Heckadon Moreno, 2009). The study site for
this research is 9280 ha area in the southernmost region of the Azuero
Peninsula (Fig. 1B) and is dominated by cattle pastures on hills with
steep slopes.

2.2. Field and remote sensing data

In January 2012, the Carnegie Airborne Observatory (CAO) col-
lected hyperspectral and LiDAR data using the AToMS system (Asner
et al., 2012). The discrete point-cloud LiDAR returns were processed to
a ground surface image (last return) and a maximum height image (first
return), from which a canopy height model (CHM) was derived. The
CHM had a spatial resolution of 1.12m and represents the height of
surface features, such as trees.

In May–July of 2012 and 2013, a sample of trees on private lands
was located and marked in CAO high-resolution (1.12m) georeferenced
visible-near infrared images using a tablet computer equipped with a
GPS (Xplore Technologies; Austin, TX) and GIS software (ESRI Arc GIS
10.0; Redlands CA). All trees were located within the area of the study
site covered by the airborne data and concentrated in the southern and
northeastern region (Fig. 1C). Trees were selected to provide a re-
presentative sample of the species and sizes of trees in pastures found
on the landscape. For each tree, we recorded the species, height, dia-
meter at breast height (measured at 1.3m), and whether it was in a
pasture or forest. Maximum tree height was measured with a laser al-
timeter (Nikon Forestry 550, Nikon Corporation; Tokyo, Japan). Crown
boundaries were digitized in the field directly onto the digital image
(Fig. 2). Later in the lab, tree crown boundaries were adjusted and re-
fined using the LiDAR CHM in ENVI (Exelis Visual Information Solu-
tions; Boulder, Colorado). A total of 1059 individual trees across 43
species were included in our dataset (Graves et al., 2016).

2.3. Methods workflow

The workflow consisted of five steps (Fig. 2). Steps one through
three (Sections 2.4–2.6) generated a model to estimate individual tree
AGB from LiDAR data and a landscape map of forest cover based on

coverage of individual tree crowns. Steps four and five (Sections
2.7–2.8) scaled tree-based AGB to the landscape and compared the
AGB-tree estimates (this study) and AGB-plot estimates (Asner et al.,
2013) along a forest cover gradient produced with LiDAR data (this
study) and a global tree cover product (Hansen et al., 2013). The steps
are explained in more detail in the following sections.

2.4. Development of field-based allometric AGB model

First, we calculated field-based AGB (AGB-Chave) with the Chave
et al. (2005) pantropical equation for dry forests where AGB-Chave was
the estimated biomass (kg), tree diameter was the diameter of stems
measured at breast height (cm), tree height (m) was the maximum
height of the canopy, and wood density was the taxon-specific wood
density (g/cm3). Diameter and tree height were provided from field
measurements. Wood density was provided from the Neotropical wood
density database (Chave et al., 2006). Of the 43 species included in this
study, 37 (92%) had wood density values in the Neotropical database.
For the remaining six species, genus or family level wood density
average were used. Trees with multiple stems were common, with 30%
of trees having more than a single stem. For trees with multiple stems,
we applied the Chave allometric model to each stem, and summed the
stem-level AGB to generate a whole tree estimate of AGB (Chave et al.,
2008).

Though we were not able to directly measure AGB by felling and
weighing individual trees, the Chave et al. (2005) allometric models
have been widely used for estimating AGB across the tropics (e.g.
Baccini et al., 2012; Girardin et al., 2010). Additionally, the allometric
models provided a good approximation of AGB of dispersed tree cover
in a South African savanna (Colgan et al., 2013), and an agricultural
landscape in Western Kenya (Kuyah et al., 2012). The Chave et al.
(2005) models were also used in the plot-based AGB estimation ap-
proach used in the national analysis of aboveground carbon stocks in
Panama (Asner et al., 2013), to which our AGB estimates were com-
pared. To make direct comparisons to the plot-based method, we did
not use the revised tropical allometric models (Chave et al., 2014).

2.5. Development of AGB-LiDAR model

Second, using AGB-Chave as our observed AGB, we developed a
predictive AGB allometric model based on LiDAR-derived measure-
ments of crown size, maximum crown height, and a metric for the re-
lative isolation of each tree (Fig. 2). Crown size was determined from
the manually digitized tree crowns for all field-measured trees. We
calculated crown diameter from the polygon crown area. Maximum tree
height was measured from the CHM. There was a strong correlation
between the field and the LiDAR measured height (Pearson's correlation
coefficient= 0.81) with no apparent systematic bias (Supplementary
material, Section S1). Following the approach of Jucker et al. (2016),
we calculated a composite metric of crown size by multiplying max-
imum crown height by crown diameter (HCD). This method was at-
tractive because it combined two measurements into a single covariate,
thus avoiding issues of collinearity between crown size and height.

Motivated by field-observed differences in diameter, height, and
crown size between trees in closed canopy forests versus open canopy
pastures, we classified our field sampled trees into three groups based
on the amount of crown edge they share with other crowns. The three
groups were: isolated trees with no edge shared with another crown;
forest trees with complete sharing of crown edge; and intermediate
trees with anywhere between 1 and 99% of the crown edge shared with
another crown. The shared edge was quantified by measuring the per-
centage of the polygon perimeter touching another polygon.

Because our samples had an uneven size distribution, we used a
binning approach to develop a linear model to predict AGB (Duncanson
et al., 2015; Jucker et al., 2016). We compare the binned model to
ordinary least squares regression (OLS) in the Supplementary material,
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Section S2. For each tree group (isolated, intermediate, or forest), we
split the data into equally sized bins based on the logarithm of AGB. A
leave-one-out cross validation approach (LOOCV) was used to evaluate
the fit of the model, where all but one observation was held out of
model development and used for evaluation, and the number of itera-
tions was equal to the number of samples in the dataset (n=1059). For
the data used for model development, the mean HCD and AGB were
calculated from the observations within each bin. The mean HCD and
AGB were then log-transformed to ensure normality, and a linear model
was fit with log transformed HCD as a predictor variable and log-
transformed AGB as a response variable:

= + +ln(AGB) β β ln(HCD) β Group0 1 3 (1)

Model predictions were corrected with the Baskerville Correction
(Baskerville, 1972), which was necessary for the linear model with log-

log transformation of the data. Model fit was assessed on the model
predictions of back transformed AGB (in kg units) for the out of sample
un-binned data. We calculated the coefficient of determination (R2),
root mean squared error in kg (RMSE), and percent bias for the out-of-
sample predictions. To estimate the uncertainty of AGB-tree estimates
across the landscape, we also estimated model parameters for 200
random samples of 90% the field data. We then calculated the mean
and 95% confidence intervals of landscape AGB-tree estimates based on
the 200 models (Supplementary material, Section S2).

2.6. Landscape map of agricultural and Forest tree crowns

Third, we segmented the LiDAR CHM into individual tree crown
polygons (ITCs) across the entire landscape and extracted the maximum
height and crown diameter (crown diameter= 2 ∗ sqrt(crown area/pi))

Fig. 2. Methods workflow of this study to produce above ground biomass (AGB) estimates from field data and a LiDAR canopy height model (CHM). White boxes
represent data products (square corners) or models (rounded corners) and outline patterns indicates the spatial scale of the data or model. Numbers in each grey box
correspond to sections in the text.

S.J. Graves et al. Remote Sensing of Environment 218 (2018) 32–43

35



of each ITC (Fig. 2). To do this, we applied the image segmentation
function of the SAGA GIS program (http://www.saga-gis.org/en/) to
the 1.12m CHM of the study site. This segmentation produced nearly
500,000 individual polygons representing ITCs. With the SAGA ap-
proach, unlike other segmentation algorithms (i.e. itcSegment, Coomes
et al., 2017), there are no overlapping crowns, which facilitates cal-
culation of the amount of shared edge between polygons.

The SAGA segmentation produced crowns that were on average
larger than the crowns we manually delineated. We reduced the crown
diameter of the automatically segmented polygons by 25% to meet the
crown diameter and AGB values of the field crowns. The correlation
between the manually and automatically segmented crowns (after the
reduction in crown diameter) for HCD and AGB differs among the three
tree groups, and is highest for the isolated trees. Details about how the
automatic segmentation compares to the manually delineated field
crowns are provided in the Supplementary material, Section S3. We
applied our LiDAR model to all ITCs using the reduced crown diameter
values.

The objective of this study was to quantify the amount of AGB that
occurs outside of forests. Therefore, we needed a forest cover classifi-
cation to identify areas that are forest and non-forest. We did this in two
ways; one by using a global dataset of tree cover (Hansen et al., 2013),
and two by creating a forest cover classification directly from the ITC
polygons generated from the LiDAR data. For the Azuero landscape,
forested trees could be distinguished from non-forest trees (trees in
pastures or part of live fences) based on the amount of crown edge they
shared with another crown. In the same manner that we grouped trees
into 3 classes (isolated, intermediate, and forest), we split all ITCs into
two groups based on the calculated amount of shared edge. ITCs
with< 65% of their edge touching another ITC were classified as
agricultural trees because they were relatively isolated from other trees.
ITCs with ≥65% of their crown edge touching another ITC were clas-
sified as forest trees. The 65% threshold was determined iteratively
until the threshold produced by a data-based categorization matched
our field observations. The discrete classification of ITCs into forest and
non-forest groups allowed us to sum the crown area of only our forested
crowns when aggregating data to the 1-ha scale. We note that with the
65% threshold, ITCs located along the edge of forest patches and ri-
parian forests were often classified as agricultural trees; an appropriate
classification as these trees experience microclimate conditions similar
to trees growing in small tree clumps in pastures due to the large
amount of edge (Laurance et al., 2002). The crown classification was
performed in R, using a polygon coverage layer generated in ArcGIS.

The classified ITCs were used to generate a map of forest cover at
1 ha resolution. Individual tree crown polygons were assigned to a 1 ha
pixel based on their center point. The amount of forest tree crown cover
for each 1-ha pixel was determined by summing the ITC area for all
forest ITC center points that fell within each pixel. The per-pixel
summed forest tree crown area was then divided by the pixel size (1 ha)
to determine the percent cover of forest tree crowns (Fig. 3 A & B). The
percent forest tree cover metric, or forest cover for simplicity, re-
presents the proportion of ground area composed of tree cover that is
part of a continuous canopy of trees. The proportion of the pixel not
covered by forest trees is either non-tree cover, such as grass, water, or
developed structures, or trees that are not part of a continuous forest,
such as isolated trees in pastures (those with<65% shared edge). A
comparison of the LiDAR forest cover, the LIDAR tree cover (which
includes all forest and non-forest trees), and an independent global
dataset of tree cover from Hansen et al. (2013) is shown in the sup-
plementary material, Section S4. A subset of the study site highlights
how the Azuero forest cover and global tree cover datasets capture
areas of dense tree crowns, but show little cover in areas with dispersed
tree crowns (Fig. 3).

2.7. Landscape AGB estimation from tree-based LiDAR model

Fourth, by applying the AGB-tree model (from Section 2.5) to the
classified ITCs (from Section 2.6), we generated an estimate of AGB
from our tree-based method (AGB-tree estimates, Fig. 2). The AGB
LiDAR model was applied to 449,965 ITCs across the entire 9280 ha
study site. This produced a dataset of estimated AGB (in kg) from the
AGB LiDAR model for all ITCs. The AGB estimates of all ITCs were
summed in a 1 ha grid, producing an estimate of AGB density in Mg
AGB per hectare (AGB-tree estimate) that was compared to a published
plot-based estimate of AGB (AGB-plot estimate) for the same study site
(Asner et al., 2013).

2.8. Calculation of the difference between tree- and plot-based AGB
estimates

Fifth, the AGB-tree estimate was directly compared to the AGB-plot
estimate from Asner et al. (2013) across a gradient of forest cover
(Fig. 2). Asner et al. (2013) used the same LiDAR data used in our
current study to estimate aboveground carbon density (ACD) for all of
Panama, which we converted to AGB (AGB=ACD/0.48). Rather than
estimating AGB of individual trees from the aerial images as in our
current study, Asner et al. (2013) used a LiDAR metric of Top of Canopy
Height (TCH), derived for 1-ha pixels to estimate AGB. The study used
228 field inventory plots throughout Panama where all tree stems
≥10 cm DBH were measured. The DBH of all trees in each field plot
was converted to AGB using the same allometric equations used in our
current study (Chave et al., 2005) and summed to generate a plot-level
AGB. An equation to predict the plot-level, field-based AGB estimate
from the LiDAR-based TCH metric was developed. The equation was
applied to the TCH value of all 1-ha pixels across the study site to
produce landscape estimates of AGB in Mg/ha (AGB-plot estimates).

3. Results

3.1. Estimation of AGB from crown attributes

For the 1059 field-measured trees, stem diameter (for the 313 trees
with multiple stems, the diameter of the largest diameter was used) had
a non-linear relationship with height and crown diameter (Fig. 4 A, B).
Variation in these relationships could be seen between the three groups
of trees with different amounts of shared crown edge (isolated, inter-
mediate, and forest), especially in the stem diameter and height re-
lationships. Forest trees (complete shared edge) were taller with smaller
crowns than isolated trees (no shared crown edge) for a given DBH. The
tree HCD, the canopy size metric (height times crown diameter) used to
relate image crown measurements to field-based allometric predictions,
showed a nearly linear relationship with AGB on a log scale (Fig. 4 C),
as has been seen with a global dataset (Jucker et al., 2016). The linear
model of AGB (Fig. 4 D) fit to the three crown edge groups, included the
following parameters:

− = − + × − ×

− ×

ln(AGB LiDAR) 3.71 2.07 ln(HCD) 0.45 Intermediate

0.50 Forest (2)

All parameters in the model were significant (p-value < 0.005). On
back-transformed values of AGB in kg, the binned model explained 43%
of the variation in AGB, had an out-of-sample RMSE of 1800 (kg), and
model bias of 27%. The model showed a deviation from the 1:1 line,
with underpredictions of AGB for trees with AGB < 500 kg. To identify
if spatial autocorrelation was present in our sample dataset, we ex-
amined the spatial patterns of the residuals of the linear model using a
semivariogram. We found that the semivariance did not increase with
increasing distance between the samples, indicating minimal evidence
for spatial autocorrelation in the model residuals.
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3.2. Landscape comparison of tree-based and plot-based AGB estimation

The maximum and mean AGB of the tree and plot-based estimates
were similar, at approximately 240 and 26Mg/ha for the tree-esti-
mates, and 254 and 23 for the plot-estimates (Fig. 5). Distribution of
AGB shows that the plot-estimates are more concentrated on the lower
end of AGB, whereas the tree-estimates are relatively higher at the in-
termediate range between 25 and 75Mg/ha (Fig. 5A). The higher tree-
estimates relative to plot-estimates in the 25–75Mg/ha range are seen
in pixel-by-pixel comparisons as well (Fig. 5 B). At high levels of AGB,
the plot-estimates are larger than the tree-estimates. This indicates that
in areas of high tree cover, which shows a positive relationship with
AGB, the plot-based predictions are detecting a greater amount of AGB.

Comparisons of AGB estimates from the tree-based and plot-based
methods showed a pattern of higher AGB estimates using the tree-based
method at low levels of forest cover (Fig. 6). In both the tree and plot-
based methods, AGB per hectare, and the variability in AGB per hec-
tare, increased with the amount of forest cover. The tree-based esti-
mates had an intercept greater than zero, meaning areas with zero
forest cover on average had non-zero AGB, which is capturing the AGB
of dispersed tree crowns. In contrast, plot-based estimates at zero forest
cover were close to zero. The higher AGB-tree estimates continue
throughout the range of forest cover, with values becoming more si-
milar at higher forest cover due to the increased AGB-plot estimates at
these high levels of cover.

Spatial patterns of AGB followed the broad patterns of forest cover,
with the highest and lowest AGB seen in areas of high and low forest
cover respectively (Fig. 7). Forested areas, such as patches of secondary

forest and riparian forests, are visible both in the tree- and plot-based
methods. Outside of these prominent forested areas is pasture land with
agricultural trees, where the AGB-tree estimates are higher than the
plot-based estimates throughout the study site.

The distribution of the landscape AGB differs between the two
methods. We classified the landscape into 10% cover intervals using our
forest cover classification from the 2012 LiDAR data. We report our
results as the proportion of the total landscape AGB and sum of total
landscape AGB in each 10% bin (Fig. 8). Because our focus was to
quantify the AGB in of non-forest areas, we limited our results to areas
with< 50% cover. The AGB estimates from both the tree and plot-
based methods are highest at low levels of forest cover and decline as
cover increases. The counterintuitive result that areas with the lowest
forest cover have the highest AGB was driven by the dominance of the
low forest cover areas on the landscape (Fig. 8 A, C). Areas with<10%
forest cover dominated the landscape at 3396 ha (37%, Supplementary
material, Section S4) and made up 25,000Mg of AGB (10% of the
landscape AGB) from the tree-based approach, and 11,000Mg of AGB
(6% of the landscape AGB) from the plot-based approach. The differ-
ences between the tree and plot-based approaches were greatest at 10%
forest cover, and became more similar with increasing forest cover.

To understand the landscape in terms of a global metric of tree
cover, we also summarized the tree- and plot-based estimates of AGB
according to a global dataset of tree cover from 2010 (Fig. 8 B, Hansen
et al., 2013). Here, the areas with<10% tree cover make up 4772 ha
(52%, Supplementary material, Section S4). Areas having between 0
and 10% tree cover contained 62,000Mg of AGB (26% of the landscape
AGB) with the tree-based estimates, and 37,000Mg of AGB (18% of the

Fig. 3. Subset (100 ha) of the Azuero study
area showing heterogeneous tree cover
distribution. All panels show the same area
with outlines of the segmented tree crown
polygons (ITCs) in white. In panel A, forest
tree polygons (polygons with>65% shared
edge) are marked with red center points.
The background of panel A shows the 2012
LiDAR 1.12m resolution canopy height
model (lighter colors have greater height).
Lower panels show 1-ha resolution data of
percent forest cover generated with the
forest tree polygons (panel B) and percent
tree cover circa 2010 from the Hansen
global tree cover product (panel C). (For
interpretation of the references to color in
this figure legend, the reader is referred to
the web version of this article.)
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AGB) with the plot-based estimates (Fig. 8 B, D). Furthermore, areas
with 0% tree cover, which make up 38% of the landscape area, con-
tained 25% and 17% of the landscape AGB with the tree- and plot-based
methods, respectively. As with the forest cover classes, the differences
between the approaches decreased in the higher cover classes.

4. Discussion

4.1. Improvement of allometric models with airborne LiDAR data

Landscape estimates of above ground biomass (AGB) provide novel
data to address ecological questions beyond what ground-based esti-
mates can provide (Colgan and Asner, 2014; Dahlin et al., 2012).

Fig. 4. Size measurements for 1059 field-measured trees. Each point represents an individual. Colors and shape represent the tree group based on location in open to
forest conditions. Quadratic models are fit through data in panels A and B (solid blacklines), and linear models are fit though data in panels C (solid black lines) and D
(color and line type by tree group). Panel D shows the above ground biomass (AGB) from Chave et al. (2005) allometry and LiDAR model predictions.

Fig. 5. Distribution of AGB between the tree and
plot-based estimates of above ground biomass (AGB).
A) Density plot of AGB values where colors indicate
the method. Vertical lines are the maximum and
mean values for each method (lines overlap). B) Each
point representing a 1-ha pixel in the study site. Lines
show the 1:1 relationship (dashed) and a general
additive model fit to the data (solid).
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Airborne LiDAR data, which can provide measurements of individual
trees continuously over large areas and from a perspective above the
canopy, offers an opportunity to develop allometric models of AGB
using remote measurements of vegetation structure (Colgan et al.,
2013; Dalponte and Coomes, 2016; Jucker et al., 2016). In our study,
we relied on a two-step process that first estimates AGB using widely
accepted allometries for tropical trees (Chave et al., 2005), and second
develops a statistical model with LiDAR metrics to reproduce those
estimates (Jucker et al., 2016).

Our tree-based models were promising for two reasons. First, we
support the use of the allometric relationship between a single metric of
combining height and crown diameter (HCD) with aboveground bio-
mass (AGB) at a local scale that was applied successfully in a global
study of canopy trees (Jucker et al., 2016). Our field dataset was 10% in
size of the global dataset and represented a narrower range of crown
size and AGB, which led to the local model explaining a lower amount
of variation in the data and higher error and bias relative to the global
model (Fig. 4). Nonetheless, the simple metric was able to capture the
patterns of AGB seen across our study site, and used to quantify the
amount of AGB contributed by isolated trees and tree clusters in non-
forested agricultural land. We found that a relatively simple OLS model
had lower uncertainty than the model that binned trees into size cate-
gories, with an RMSE that was 800 kg lower than the binned model
(Fig. 4 Supplementary material, Section S1). However, the binned
model had much lower bias than the OLS model. This result points to
the need to consider tradeoffs between these different model structures
when developing landscape-scale predictions of biomass.

Second, we incorporated a metric that captures crown competition
by allowing trees to be in one of three groups based on their relative
isolation from other trees. By applying the model to the three distinct

groups, we were able to model the differences in AGB driven by dif-
ferent height, stem diameter, and crown diameter allometries among
trees in different competitive environments (Fig. 4A). For example, for
trees with low AGB, forest trees had higher HCD than isolated trees
(Fig. 4C). Grouping the trees into these simple categories based on their
relative isolation is a simple way to capture the allometric variability in
areas of heterogenous tree cover and improve landscape predictions of
AGB.

Not only do LiDAR data allow for measurements of many individual
trees continuously over large areas, LiDAR also provides innovative
variables that help explain variation of tree biomass, such as crown area
and isolation. Because these metrics are focused on characteristics of a
tree's canopy, they are challenging to measure from the ground, but
easily measured for trees in open areas with airborne data that has an
above canopy perspective. This supports other work that identifies tree
characteristics, such level of light competition and wind susceptibility,
as important drivers of allometric relationships that can improve esti-
mates of AGB (Henry and Aarssen, 1999; Holbrook and Putz, 1989;
Lines et al., 2012). Our results suggest that a measurement of crown
isolation could be widely applied to allometric models to improve
biomass estimates, especially in trees found outside forests.

The key element that needs improvement in the workflow for pre-
dicting landscape level, tree-based AGB is automatic segmentation of
individual tree crowns. For much of our study site which has limited
tree canopy cover, individual crown detection from the LiDAR data was
successful, with many crowns having a 1 to 1 match with our manual
segmentation, and high correlation among the crown size and AGB
values (Supplementary material, Section S3). The reason for this suc-
cess was that many agricultural trees were isolated and had crowns that
were structurally distinct from the surrounding grassy vegetation.

Fig. 6. Estimates of above ground biomass (AGB) for
a tree-based (this study) and plot-based (Asner et al.,
2013) methods along a gradient of forest cover de-
rived from the 2012 LiDAR data. Each point re-
presents a single 1 ha pixel. Lines represent a gen-
eralized additive model with smoothing (solid) or
and a linear model fit through the data (dashed).

Fig. 7. Above ground biomass (AGB) estimates for 1 ha pixels of the 9280-hectare Azuero study site. A) Areas with>50% cover from a 2010 global tree cover
product (Hansen et al., 2013), and a 2012 forest cover product from LiDAR data used in this study. B) AGB estimates from the plot-based method of Asner et al., 2013.
C) AGB estimates from the tree-based method developed in this study.
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Crown dimensions from the crown segmentation for isolated trees have
a strong correlation with dimensions from our manually segmented
trees (after a 25% correction, Supplementary material, Section S2). In
addition, the AGB estimates with our LiDAR model have little over or
underestimation along the range of tree size. We note however that we
needed to apply a 25% reduction in crown diameter derived from the
segmentation even for isolated trees, indicating room for improvement
for segmentation even in landscapes with relatively open tree canopy
cover.

Crown segmentation was more challenging for trees in areas of in-
termediate and high canopy cover, where manually segmented crowns
intersected many automatically segmented crowns, and the correlations
between the size and AGB values were low (Supplementary material,
Section S3). While trees in forests were not our primary target for this
study, accurate estimates of their AGB are still important because they
are part of the diverse tree cover landscape. Considering errors in the
crown segmentation of forest trees, and the LiDAR AGB allometric
model (Fig. 4D), we feel that trees in forests may be overestimated.
Despite these patterns at the individual tree crown scale, when AGB
estimates are scaled to 1-ha, the maximum AGB for the tree and plot-
based approaches was similar, at 240Mg/ha, and 254Mg/ha, respec-
tively (Fig. 8). Despite continued advancements in individual tree
crown segmentation for closed canopy forests (Coomes et al., 2017;
Ferraz et al., 2016), segmentation remains a primary challenge, espe-
cially for young forests composed of trees with small crowns.

4.2. Tree-based vs. plot-based estimates of AGB

Our study supports the development of tree-based approaches for
estimating landscape biomass, particularly in agricultural landscapes,
where plot-based methods do not account for heterogeneous tree cover
that contributes to AGB. The differences among remote sensing
methods that predict AGB (e.g. tree versus plot-based methods) influ-
ence conclusions about where AGB occurs on the landscape. Our results
show that areas with 0–10% forest cover had tree-based estimates that
were double those of the plot-based estimates (Fig. 8). Both tree and
plot-based estimates are models of the landscape and therefore a sim-
plification, but their differences present divergent views of where bio-
mass is occurring, which has implications for monitoring, management,
and policy decisions (Chazdon et al., 2016a).

There are advantages to plot-based methods, such as the simplicity,
scalability to large landscapes, and ability to adjust the model to local
conditions based on tree or carbon density (Asner and Mascaro, 2014;
Colgan et al., 2013; Coomes et al., 2017). Plot-based methods provide
continuous coverage, which is a crucial and important advancement
from AGB estimates which focus only on areas defined as forest. Fur-
thermore, the plot-based methods are calibrated and tested with field
data, which also provides estimates of model uncertainty. Finally, al-
though we used plot-based data with 1-ha resolution, there is an effort
towards higher spatial resolution, which may detect finer gradients in
tree cover. These are all important efforts that allow for the

Fig. 8. Distribution of landscape above ground biomass (AGB) for tree-based (black bars, this study) and plot-based (grey bars, Asner et al., 2013) methods across
10% cover intervals. Two measures of canopy cover are shown; 2012 LiDAR forest cover from this study (panels A and C) and 2010 tree cover from a global tree cover
product (panels B and D, Hansen et al., 2013). Labels above the bars are the hectares of the total landscape within each cover class. Hatched boxes in 10% bars for
panels B and D show the proportion of AGB in areas with 0% tree cover in the Hansen dataset.
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quantification of biomass continuously over large areas, reducing bias
of relying on statistical scaling of field-measured plots (Marvin et al.,
2014).

However, this study, and others, highlight that plot-based methods
may not accurately capture AGB in landscapes with a heterogeneous
canopy, such as scattered trees in savanna ecosystems (Colgan et al.,
2013) or forests with tall emergent trees and canopy gaps (Coomes
et al., 2017). Using plot-based estimates is also not well-suited for
agricultural landscapes if the purpose is to quantify national carbon
stocks because there is a systematic under detection of AGB in areas
with dispersed, low-density tree cover.

In the agricultural areas, one cause of the lower detection of AGB
with plot-based methods may be lack of representation of areas with
dispersed tree cover in field calibration plots. The field inventory data
used in Asner et al. (2013) to establish the relationship between tree
biomass and LiDAR data was focused on forested areas. Some plots
were in regenerating forests, which is important for this landscape.
However, there was no calibration in areas with active agriculture, an
open canopy, and isolated trees. This means that the structure of these
areas, and how it is detected in aggregated LiDAR data, is not accounted
for in the modeling. The addition of field plots in active agricultural
areas could aid in not only understanding the AGB storage and vege-
tation dynamics, but also in calibrating LiDAR data to the unique
structure of agricultural landscapes.

As further evidence for the importance of measuring individual trees
rather than aggregated plot-based data and methods, global tree cover
in drylands using high resolution imagery produced an estimate of
forest cover that was 43% higher than what had been produced with
data that could not account for individual tree crowns (Bastin et al.,
2017). While the plot-based estimates may be more simple and com-
putationally less intensive to implement across large areas, their un-
derrepresentation of tree cover and biomass should be taken into ac-
count, especially when used for carbon payment programs (Pelletier
et al., 2011). We conclude that while the plot-based estimates may
accurately capture the biomass in closed canopy forests, the methods
are not accurately capturing the low density, heterogeneous, isolated
tree cover that we know is common on agricultural landscapes in the
tropics.

4.3. The importance of measuring trees outside forests

Trees outside forests are increasingly recognized as a critical pro-
vider of ecosystem services, including watershed protection, biodi-
versity conservation, and carbon storage and sequestration. As a result,
efforts have been made to measure and monitor agricultural tree cover
and consider it in management and policy decisions (Chazdon et al.,
2016a). Our study supports these efforts by estimating AGB in an
agricultural landscape using high resolution airborne LiDAR data and
analysis methods that directly measure the presence and size of trees
outside forests. We found that despite centuries of intensive agricultural
land use, nearly 30% of landscape biomass (approximately 60,000Mg)
occurred in non-forested areas (non-forest as measured by a global
product of tree cover from 30m satellite data). The high contribution of
these trees to landscape biomass highlights the need to accurately es-
timate and monitor, rather than ignore, trees in agricultural areas.

We emphasize that agricultural tree cover is not the same as a forest;
a difference that is evident in forest definitions (Chazdon et al., 2016a),
as well as forest cover products from remotely sensed data. We com-
pared a global remote sensing product of tree cover (Hansen et al.,
2013), with measurements of tree and forest cover from high resolution
LiDAR data. The fine spatial resolution of the LiDAR data and seg-
mentation algorithms can detect individual tree crowns in open areas
better than in areas with a closed canopy (Fig. 3 A). The presence of
these crowns is not represented in our product of forest cover, which
deliberately excluded them, nor in the global tree cover product. The
low cover estimates are apparent in areas where individual tree crowns

have been detected in the LiDAR data (Fig. 3 B & C). Importantly,
neither our forest cover dataset nor the global tree cover dataset cap-
tured the total tree cover on the landscape, which includes both closed
canopy forested areas and low density, isolated trees outside forests
(Fig. 3, Supplementary material, Section S4). While the global tree
cover product (Hansen et al., 2013) is deliberately described as a tree
cover product to avoid complications of forest definitions, we conclude
it is measuring only large patches of continuous forest and missing the
dispersed tree cover that exists on this agricultural landscape.

We present our results along a gradient of canopy cover to avoid
imposing a crude forest and non-forest dichotomy on the landscape,
which is a challenging task in landscapes such as the Azuero peninsula
where there is both fine spatial scale heterogeneity and temporal var-
iation. However, we want to highlight how using a global product of
tree cover can be misleading and present much of the landscape as
being void of ecological value. Rather than using the global tree cover
product to define forested areas, we used it to identify areas that were
classified as having zero to 10% cover and below, and are confident in
concluding these areas would not be considered forest in any definition
(Chazdon et al., 2016a). With this threshold, 52% of the study site
would be considered non-forested in the global tree cover dataset, and
37% of the study site in our forest cover dataset (Supplementary ma-
terial, Section S4). These non-forested areas have low AGB density re-
lative to areas with higher cover (Figs. 5 & 7). However, because the
non-forest areas dominate this study site, they contribute 10% of the
total landscape AGB using our measurement of forest cover, and 26% of
landscape AGB using the global tree cover dataset (Fig. 8). Therefore, if
these non-forested areas were left out of global accounting of biomass
or carbon stocks, nearly one third of AGB in this agricultural landscape
would not be accounted for.

The high AGB estimates in non-forest areas found in our study and
in global analyses (Zomer et al., 2016) highlights their ecological value
in terms of carbon storage and sequestration. These findings support
other work in quantifying the ecological and social value of trees in
agricultural areas, and their continued protection (Chazdon et al.,
2009). For example, field studies of this area, and similar areas in Costa
Rica and Nicaragua, indicate tree cover is present in a diversity of
forms, is utilized by wildlife, and has various ecological values for land
managers (Harvey et al., 2006, 2011). With a recognition that these
landscape features are important resources for people and the en-
vironment, more attention is being paid to them, including nationwide
inventories (de Foresta et al., 2013), and global studies to understand
the patterns and drivers of trees in agricultural areas (Zomer et al.,
2014).

Accurate monitoring and quantification of biomass outside of
forested areas is important in agricultural landscapes because of their
potential to be a source or sink of carbon based on land management
decisions. Agricultural tree cover could decline with the intensification
of agriculture in the region as pastures are replaced with crops that
require more machinery; a pathway that has been seen in other areas of
Latin America (Graesser et al., 2015). There is also the potential for
increased agricultural tree cover and greater carbon storage and se-
questration in these tropical landscapes, which is occurring throughout
our study site (Caughlin et al., 2016). These patterns could be driven by
greater conservation activities in the region promoting silvopastoral
systems or natural forest regeneration (Sandor and Chazdon, 2014).

5. Conclusion

Global climate change is a widely recognized problem being driven
by a myriad of causes, one of which is believed to be the trend of tro-
pical forest loss for the expansion of agriculture (Gibbs et al., 2010). To
combat the loss of tropical forest cover, international programs are
being developed to integrate tropical forests, and the goods and services
they provide, into the global economy. However, the success of these
programs requires accurate, reliable, and repeatable measurements of
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landscape carbon stocks and sequestration rates (Gibbs et al., 2007).
While methods to estimate forest carbon stocks from remote sensing

continue to be developed, we stress the need to develop and implement
methods that can account for high variability in tree cover. Agricultural
areas may have lower AGB density than forests, but they are a dominant
global biome, and accurate quantification of biomass needs to be de-
veloped and implemented to keep agricultural areas in the dialogue of
conservation policy and ecosystem management.

This study demonstrates that high resolution airborne data, in
which individual trees can be resolved, may be a key to accurately
assessing carbon stocks in agricultural landscapes. Furthermore, this
study supports work to acknowledge and protect the ecological value of
non-forest landscapes. We believe it is possible to understand patterns
and dynamics of trees outside forests with remote sensing with the
continued development of data products and methods that can capture
these heterogeneous and dynamic landscapes.
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