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Abstract: Most plant species are non-randomly distributed across environmental gradients
in light, water, and nutrients. In tropical forests, these gradients result from biophysical
processes related to the structure of the canopy and terrain, but how does species richness
in tropical forests vary over such gradients, and can remote sensing capture this variation?
Using airborne lidar, we tested the extent to which variation in tree species richness is
statistically explained by lidar-measured structural variation in canopy height and terrain in
the extensively studied, stem-mapped 50-ha plot on Barro Colorado Island (BCI), Panama.
We detected differences in species richness associated with variation in canopy height and
topography across spatial scales ranging from 0.01-ha to 1.0-ha. However, species richness
was most strongly associated with structural variation at the 1.0-ha scale. We developed a
predictive generalized least squares model of species richness at the 1.0-ha scale
(R2 = 0.479, RMSE = 8.3 species) using the mean and standard deviation of canopy height,
mean elevation, and terrain curvature. The model demonstrates that lidar-derived measures
of forest and terrain structure can capture a significant fraction of observed variation in tree
species richness in tropical forests on local-scales.
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1. Introduction
At local-scales in tropical tree communities, species distributions are often correlated with
differences in light, water, and nutrient availability caused by biophysical processes related to forest
structure and topography [1–5]. Although species-level associations with environmental gradients are
well documented at local-scales, there is limited information about how community-level patterns like
species richness change in relation to structural variation in canopy height and terrain. Airborne lidar is
the best currently available remote sensing technology which can measure three-dimensional forest
structure and topography variables with both high spatial accuracy and precision in tropical forests [6–8].
We assessed whether and how species richness is associated with lidar-measured canopy height and
topography in the 50-ha Forest Dynamics Plot (FDP) on Barro Colorado Island (BCI), Panama [9,10].
The effects of heterogeneity in forest structure on diversity in tropical forests remain poorly
understood. Many researchers hypothesize that gaps increase diversity in tropical forests [11] because
high-light environments are necessary for recruitment of pioneers and lianas [12,13]. The direct effect
of gaps on fine scale (0.04-ha) species richness appears to be modest [9], but structural heterogeneity is
likely to be a cause of variation in species richness due to some sorting of different species over
gap-to-understory environmental gradients [1,11]. For example, of the 70 canopy tree species occurring
in the BCI FDP, 30% were positively or negatively associated with part of the gap-to-understory ecotone
as juveniles, where the gap-to-understory ecotone was defined by canopy height measurements [1]. We
therefore evaluated whether and how species richness is related to canopy height and canopy structural
heterogeneity.
There is also reason to believe that species richness is related to topography at local scales in
tropical forests. Past studies in the FDP have found species-level associations with environmental
gradients in water and nutrient availability related to topography. Of the 171 species in the FDP with
over 65 individuals (171 species), 64% were positively or negatively associated with at least one
topographically defined habitat [2]. Forty percent (104 of 258 species) of BCI trees and shrubs occur
non-randomly over at least one of three nutrient gradients [3]. Earlier research in the BCI FDP found a
positive association between terrain slope and species richness of seedlings (1.0-3.9 cm diameter at
1.3 m height, i.e., dbh) [9]. Slopes have higher dry season soil water availability than upland plateau
sites in the BCI FDP [14,15], the main hypothesis being that greater dry season soil water availability
permits seedlings of species commoner in wetter forests to survive the BCI dry season [9]. This
hypothesis is supported by demographic and physiological studies of seedlings showing that species
associated with slopes are more sensitive to drought [4,5]. One of these studies [4] also showed that
species occurring in locally drier sites in the BCI plot are more likely to occur in drier forests across
the rainfall gradient spanning the Isthmus of Panama, and vice versa. Because regional species
richness is generally higher in wetter and less seasonal forests [16,17] and there is local variation in
soil water availability related to topography [14,15], higher species richness may occur where
local-scale variation in topography results in higher soil water availability. Because of prior research
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on species distributions and species richness, we evaluated whether and how species richness is
associated with topography in the BCI 50-ha plot.
2. Materials and Methods
2.1. Study Area
We collected data across the 50-ha BCI FDP on the 15.6 km2 Barro Colorado Island, Republic of
Panama. The FDP is located at 79°51′W, 9°9′N (Figure 1) on the central plateau of the island. The
climate of Barro Colorado Island is seasonal, with an average four-month dry season from late
December through late April [4]. Mean annual precipitation from 1990 to 2011 is 2,746 mm with high
interannual variability associated with El Niño Southern Oscillation (σ = 541 mm, min. = 1,702 mm,
and max. = 4,136 mm) [18]. The vegetation is mainly old-growth tropical semi-deciduous forest [19],
with about 2 ha of 100-year old secondary forest. Most of the area within the plot is relatively flat with
a slope <10°, but steeper slopes occur along the plot margins, particularly in the south east corner.
Water accumulates on the Andesite bedrock of the central plateau in the FDP and then drains towards
the sloping margins [20], causing higher soil water availability on slopes during the dry season [14].
The center of the plot includes a 2-ha seasonal swamp where water pools during the wet season,
causing seasonally anoxic soils. Soil nutrients correlate with topography [3], with higher phosphorous
on the central plateau and higher base cations on slopes. Within the FDP, all freestanding woody stems
≥1 cm dbh have been measured in diameter, labeled, mapped to sub-meter precision, and identified to
species. The first inventory of the plot was completed in 1983, the plot was re-censused in 1985, and
has been re-censused at five-year intervals ever since. The seventh census was completed in 2010.
Figure 1. Geographic location of study area: (Left) Canal Zone with Barro Colorado
Island (inset and red square). (Right) 50-ha Forest Dynamics Plot on Barro Colorado
Island with (Upper) maximum canopy height (m) from lidar digital canopy surface model
and (Lower) elevation (m) from lidar digital elevation model with 1.0-ha grid.
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2.2. Computing Species Richness
We used data on all freestanding woody plants (lianas and herbaceous plants excluded) in the 50-ha
BCI FDP 2010 census to measure species richness. We included only alive main stems as individuals in
our analysis. The 2010 census included 211,720 individuals (4234 ± 48.1 individuals ha−1, mean ± S.E.)
belonging to 302 species (167 ± 1.4 species ha−1, mean ± S.E.) of freestanding woody plants. To
measure species richness, we defined a grid system (0.01-ha, 0.04-ha, 0.25-ha, or 1.0-ha cells) across
the entire FDP. For each cell, we iterated over all individuals in the census and recorded the
individuals occurring in the cell. We then counted the number of unique species per cell (Figure S1).
2.3. Lidar Data
2.3.1. Data Collection
We used discrete-return lidar data collected by Blom Corporation and Northrup Grumman over
Barro Colorado Island Nature Monument. These data were collected during the wet season between 15
August 2009 and 10 September 2009 during eleven flights by a fixed-wing aircraft equipped with an
Optech 3100 (Optech, Vaughan, ON, USA) system capable of four returns per pulse. The mean flying
height was 457.2 m and mean flight speed was 66.9 m/second. The system operated at a scan angle of
17°, using a scanning frequency of 48 Hz and laser frequency of 70 KHz. All flights produced a total
of >233 million laser shots and >528 million individual data points, resulting in a point density of 5.6
points per square meter (ppm2) and 8.1 returns per square meter (rpm2). We used a 1-m digital
elevation model (DEM) and 1-m digital canopy surface model (DCSM). The DEM and DCSM were
created by Blom Corp. who calibrated and filtered unprocessed lidar data using Bentley’s Microstation
(Bently, Exton, PA) and then manually edited the product to make a bare-earth DEM. Blom Corp.
verified vertical accuracy of the DEM using 36 Differential GPS survey points in flat open areas
around the island. The average error in height between the ground survey points and the DEM was
6.9 cm with RMSE value of 7.6 cm. Blom Corp. produced the DCSM from the point of highest return
above each cell on a 1-m grid. We compared the DCSM to ground-based canopy height measurements
from 2009 that were collected every 5 m across the entire 50-ha plot [9], which were in general
agreement with the 1-m DCSM.
2.3.2. Lidar Measured Variables
We quantified properties of canopy and terrain structure in non-overlapping areas at four spatial
scales (0.01-ha, 0.04-ha, 0.25-ha, and 1.0-ha) from the 1-m DEM and 1-m DCSM using remote
sensing and GIS software (ENVI/IDL, Boulder, CO; ArcGIS, Redlands, CA, USA). We calculated all
variables in ENVI, except mean curvature of terrain, which we calculated in ArcGIS. We used ArcGIS
to calculate mean curvature from the second derivative of a fourth-order polynomial surface fit to a
3 × 3 kernel centered on each 1 m2 cell [21]. Negative values of the curvature index represent concave
surfaces while positive values represent convex surfaces. Terrain curvature has also been referred to as
convexity in the ecological literature. We used ENVI to quantify terrain slope from the first derivative
of fourth-order polynomial fit to a 5 × 5 kernel centered on each 1 m2 cell. We used ENVI to quantify
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the remaining variables at each focal scale for each non-overlapping quadrat using standard methods:
quartiles of the DCSM, difference in quartiles of the DCSM, mean of canopy height from the DCSM,
standard deviation of canopy height from the DCSM, and mean elevation from the DEM.
Figure 2. Maps of (a) observed species richness, (b) predicted species richness from 1.0-ha
minimum Akaike’s Information Criterion (AIC) model, (c) mean canopy height (m);
(d) standard deviation of maximum canopy height (m); (e) mean elevation (m); and
(f) mean curvature (m−1). Figures are shaded by quartiles, except predicted species
richness, which is shaded by quartiles of the observed species richness distribution.

We selected a subset of the variables that were correlated with species richness in bivariate analyses
for at least one spatial scale. We selected mean of canopy height (MCH), standard deviation of canopy
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height (SDCH), mean elevation, mean slope, and mean curvature as predictor variables. We used data
from the 1.0-ha scale for the main analysis. We tested these variables for approximate normality with
the Shapiro-Wilk test for normality [22]. We found that slope was approximately lognormal, so we
logarithmically transformed slope, which resulted in approximate normality. No other variables
required transformation. At the 1.0-ha scale, the strongest correlation among this set of five predictor
variables was between mean elevation and mean slope (r = −0.543, p < 0.01), the correlation between
MCH and mean slope was statistically significant (r = 0.390, p < 0.01), as was the correlation between
mean curvature and mean elevation (r = 0.298, p = 0.03), while all other cross-correlations between the
predictor variables were insignificant (p > 0.05).
2.4. Data Analysis
We used generalized least squares (GLS) multiple regression [23–25] to model species richness in
relation to lidar-derived canopy height and topography variables. We fit the models using maximum
likelihood estimation with the nlme package [26] in the R Statistical Computing Environment [27]. We
conducted a series of preliminary analyses (Supplementary Material) before developing a predictive
model of species richness that used only 1.0-ha scale data (Figure 3). We selected a model at 1.0-ha
scale that minimized Akaike’s Information Criterion (AIC) [28] from an exhaustive model set with all
combinations of the five predictor variables. We found no evidence for spatially autocorrelated
residuals in the best model at 1.0-ha scale, indicating that a non-spatial model was sufficient for the
main analysis. We implemented the model using GLS, but the non-spatial GLS model is equivalent to
Ordinary Least Squares (OLS) [29,30]. We used leave-one-out cross validation [31] (Supplementary
Materials S2) to assess how well the model predicted new data. From leave-one-out cross validation,
we evaluated the predictive accuracy of the model in units of species with the mean error and the RMSE.
3. Results
The best model at 1.0-ha scale optimized by lowest AIC included the covariates mean and standard
deviation of canopy height, mean elevation, and mean curvature (Table 1, Figure 2). Species richness
was positively related to SDCH (β = 2.87 species m−1, SE = 1.10 species m−1, p=0.013), negatively
related to MCH (β = −0.969 species m−1, SE = 0.377 species m−1, p=0.013), negatively related to mean
elevation (β = −0.386 species m−1, SE = 0.159 species m−1, p=0.02), and negatively related to mean
curvature (β = −31.7 species m, SE = 10.7 species m, p < 0.01).
The minimum AIC model (AIC = 353.2) described 47.9% of the total variation in species richness
at 1.0-ha scale (R2 = 0.479). Using Moran’s I, we did not detect spatial autocorrelation in the residuals
(Observed I = −0.005; Expected I = −0.020; SD = 0.0191; p = 0.42). The predictive accuracy of the
model evaluated using leave-one-out cross-validation (Figure 3) yielded a mean error of 6.5 species
and a RMSE of 8.3 species. The increase in cross-validated predictive accuracy was 19.0% relative to
an intercept only model when measured in units of species.
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Table 1. Non-spatial generalized least squares (GLS) model of species richness at 1.0-ha
scale with lidar-derived canopy height and topography covariates. The table includes
coefficient estimates, standard errors (SE), and boundaries of the 95% Confidence Intervals
for each parameter. This model was parameterized with field and lidar data from the Barro
Colorado Island (BCI) 50-ha forest dynamics plot (FDP).
Parameter

Estimate

SE

95 % CI
Upper
Lower

Standard Deviation Canopy Height (SDCH)

2.87

1.10

5.03

0.70

Mean Canopy Height (MCH)

−0.97

0.38

−0.23

−1.71

Mean Elevation

−0.39

0.16

−0.07

−0.70

Mean Curvature

−31.7

10.7

−10.7

−52.6

Intercept

229.3

30.4

288.7

169.8

Figure 3. Leave-one-out cross-validated prediction errors of species richness model with
mean of canopy height (MCH), standard deviation of canopy height (SDCH), mean
elevation, and mean curvature covariates at 1.0-ha scale in the BCI 50-ha FDP. The
diagonal line represents a 1:1 relationship.
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4. Discussion
We found significant associations of species richness with lidar-derived variables describing canopy
height and terrain structure. Based on our analyses, we found evidence for differences in species
richness associated with canopy height and topography variables at all spatial scales (Supplementary
Materials), but most prominently at the coarsest resolution in the analysis, 1.0-ha (Table 1). The
minimum AIC model at the 1.0-ha scale included mean and standard deviation of canopy height, mean
elevation, and mean curvature as covariates. This model described 47.9% of the total variation in
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species richness within the BCI 50-ha plot. Cross-validated predictive accuracy of the model was
relatively low, with a 19.0% improvement in predicting the number of species compared to an
intercept only model. To our knowledge, this is the first study to use lidar data to study both
topography and canopy height in relation to variation in species richness in a tropical forest. These
results highlight the potential of lidar-derived measures of forest structure and topography to capture
environmental variation important to explaining local-level variation in plant species richness in
tropical forests.
The present analysis does not explain why species richness correlates with lidar-derived variables;
associations of species richness with canopy height and topography variables may result if the number
of species in a sample increases with the number of individuals in a sample [32] and the number of
individuals in a sample depends on biophysical processes related to the lidar-derived variables. At fine
spatial scales we found that species richness is strongly dependent on the number of individuals in the
sample, but this relationship rapidly weakens at coarser spatial scales. We evaluated how number of
individuals changes with the lidar-derived variables from the minimum AIC model at the 1.0-ha scale.
More individuals were present with decreasing MCH (β = −34.4 stems m−1, SE = 16.3 stems m−1,
p = 0.04), but number of individuals was unrelated to SDCH (β = 22.3 stems m−1, SE = 47.6 stems m−1,
p = 0.64), mean elevation (β = −0.104 stems m−1, SE = 6.9 stems m−1, p = 0.98), and mean curvature
(β = −293.2 stems m, SE = 461.1 stems m, p = 0.52). Species richness was negatively related to MCH
(β = −0.969 species m−1, SE = 0.377 species m−1, p = 0.013) and, as reported above, number of
individuals was negatively related to MCH. Higher species richness occurs where MCH is lower and
more individuals are present. Differences in species richness related to MCH may result from a
species-individual relationship.
Associations of species richness with SDCH, mean elevation, and mean curvature do not appear to
result from a species-individual relationship because of the absence of an association between number
of individuals with SDCH, mean elevation, and mean curvature. Instead, these results may arise from
sorting of species along environmental gradients related to biophysical processes that co-vary with
canopy height and topography [1–5]. Specifically, sorting of species in relation to light, water, or
nutrient gradients could potentially explain the observed patterns. Associations of species richness with
SDCH may result from light gradients while associations of species richness with mean elevation and
mean curvature potentially result from sorting of species in relation to water or nutrient gradients. The
observation of higher species richness with higher SDCH (β = 2.87 species m−1, SE = 1.10 species m−1,
p = 0.013) is consistent with higher species richness in a more heterogeneous light environment. It is
also possible that SDCH quantifies structural variation that is caused by higher species richness.
Heterospecific plants are well documented to differ in growth form, allowing for mapping of dominant
species with structural data from lidar [33]. However, we think higher species richness causing higher
SDCH is a less parsimonious explanation in this instance, because most of the plants in our analysis
were subcanopy and we derived SDCH from a canopy surface model. With regard to terrain, the
observation that species richness is negatively related to terrain curvature (β = −31.7 species m,
SE = 10.7 species m, p < 0.01) is consistent with the hypothesis that species richness is higher in areas
with wetter soil conditions. Negative curvature values represent concave surfaces that can pool water,
such as the area in center of the plot with high species richness that has previously been mapped as a
seasonal swamp [2]. The observation that species richness is negatively related to elevation

Remote Sens. 2012, 4

4018

(β = −0.386 species m−1, SE = 0.159 species m−1, p = 0.02) is consistent with higher species richness
where water availability is greater because of higher dry season soil water availability at lower
elevation [3,15] or other edaphic causes such as differences in species richness related to higher base
cations in the lower elevation soils [3]. These results may therefore support the hypothesis that patterns
of species richness on local-scale hydrological gradients parallel patterns of species richness on
regional precipitation gradients. In general, these results are consistent with the hypothesis that not
only differences in individual species distributions at local-scales in tropical forests but also
differences in species richness in part resulting from variation in light, water, and nutrient availability.
5. Conclusions
Past studies have shown that most plant species at local scales in tropical forests are associated with
local-scale structural variation in canopy height and topography. There has been relatively limited
information about how community-level properties like species richness change with structural
variation of canopy and terrain. We used airborne lidar and ground census data from a fully mapped
50-ha tree plot on Barro Colorado Island in Panama to evaluate the relationship of plant species
richness to structural variation in canopy and terrain. We found that a significant fraction of observed
variation in plant species richness is statistically explained by canopy and terrain structural variation.
Based on this finding, we believe lidar may be used to increase the accuracy of predictive maps of
species richness on tropical forest landscapes.
We found that slightly less than half (R2 = 0.479) of the variation in plant species richness at the
1.0-ha scale was statistically explained by a model that included mean and standard deviation of
canopy height, mean elevation, and terrain curvature. Because of the underlying variation in
biophysical processes related to canopy height and terrain, these findings may result from sorting of
species along environmental gradients in light, water, and/or nutrient availability. Our findings are
consistent with higher species richness where there is greater variation in light availability and where
soil water availability is greater, with the possibility that nutrient availability also is involved.
To our knowledge, this is the first study to apply lidar to studying species richness in relation to
both canopy height and terrain structural variation in a tropical forest. Further research is needed to
evaluate the generality of these findings. If these results prove generally valid, then conservation
organizations and governments could use this information to implement land management strategies to
better preserve biodiversity. Future research should also focus on how plant species turnover occurs at
local to landscape scales in relation to lidar-derived canopy height and terrain structure variables. A
model using both species richness within local areas (α-diversity) and species turnover between local
areas (β-diversity) conditioned on lidar-data may provide equivalent landscape scale diversity (γdiversity) predictions to the currently used environment independent species-area relationships while
providing more accurate spatial prediction for local hotspots and cold spots of diversity across the
landscape and identification of what environmental variables may be important to maintenance of
landscape scale diversity.
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