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A B S T R A C T

Vegetation metrics derived from satellite imagery provide continuous and large spatial-scale measurements that
are critical for interpreting and predicting ecosystem function. However, uncertainty still remains as to the
precise structural information that could be estimated from these metrics. Landsat-derived metrics provide pixel
measurements of vegetation across the landscape, whereas Light Detection and Ranging (LiDAR) provides
multidimensional data on the vertical arrangement of forests. Terrestrial LiDAR metrics of structural complexity
describe the arrangement of vegetation in the canopy, and could be coupled with Landsat-derived metrics
through their influence on energy and light. Linking Landsat to terrestrial LiDAR estimates of canopy structure
could expand the interpretation of Landsat-derived metrics and broaden the spatial scale at which structural
complexity can be evaluated. Here, we examined associations between Landsat-derived metrics and terrestrial
LiDAR measurements of structural complexity. Structural complexity measurements were obtained with ter-
restrial LiDAR from plots within eight forested NEON sites across eastern North America. Vegetation metrics
(NDVI, EVI, tasseled cap metrics) were calculated for corresponding locations from Landsat 8 satellite imagery.
Results showed that canopy reflectance, greenness and brightness, were linked with several measures of canopy
structure. Higher levels of greenness were associated with stands having a taller canopy, greater leaf area density
and variability, and a less open and porous canopy. Among greenness metrics, NDVI was most strongly corre-
lated with structural complexity metrics (adj. R2=0.52 – 0.62 for six metrics). Additionally, we found that a
brighter canopy was associated with greater leaf area density and variability, canopy cover, porosity, and lower
leaf clumping. Our results demonstrated the potential for large-spatial extent estimates of structural complexity
using satellite imagery, and may lead to improved predictions of forest ecosystem functioning such as those
predicted in “big leaf” ecosystem models.

1. Introduction

Vegetation metrics have long been inferred from satellite imagery
(Crist and Cicone, 1984), but understanding the structural information
represented in these spectrally-derived proxies remains challenging
(Huete et al., 2002). Vegetation metrics modeled from global Landsat
imagery include information on canopy greenness (Gamon et al., 1995;
Huete et al., 2002), brightness, and water content (Crist and Cicone,
1984). The metrics of greenness, NDVI and EVI, are widely used as

proxies for leaf area and vegetation cover (Zheng and Moskal, 2009).
These continuous and large spatial-scale measurements are critical for
interpreting and predicting ecosystem function at landscape to global
scales (Glenn et al., 2008; Fisher et al., 2018). However, uncertainty
remains in understanding which structural information can be re-
presented by Landsat-derived metrics (e.g. Huete et al., 2002).

Satellite imagery and terrestrial Light Detection and Ranging
(LiDAR) are typically applied to characterize different features of ve-
getation, but may provide related information on multidimensional
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structure. LiDAR creates detailed three-dimensional profiles of forest
structure (Nychka and Nadkarni, 1990). Specifically, terrestrial LiDAR
is useful for measuring different aspects of canopy structural complexity
(hereafter structural complexity), which is the arrangement (rather than
quantity) of leaf area within the canopy (Parker et al., 2004; Hardiman
et al., 2011, 2013a). The structural complexity of forest canopies pro-
vides a linkage to mechanistically predict how forest structure influ-
ences ecosystem function (Hardiman et al., 2011, 2013a; Fahey et al.,
2015). Previous studies that have used optical satellite imagery to map
forest structure in comparison to LiDAR have primarily focused on tree
height or biomass (Matasci et al., 2018), but none have focused on the
potential to use Landsat-derived metrics as proxies of canopy structural
complexity. Linking common Landsat-derived metrics to structural
complexity metrics from terrestrial LiDAR could broaden understanding
of the structural information represented by vegetation metrics. Fur-
thermore, large spatial-scale prediction of structural complexity could
improve the prediction of biogeochemical cycling and ecosystem
functioning using “big leaf” ecosystem models (Fisher et al., 2018).

Canopy greenness and brightness derived from Landsat may contain
more information than previously expected about structural com-
plexity, with the two coupled through their shared relationship with
canopy light distribution and interception (Funk and Lerdau, 2004).
Landsat-derived metrics could therefore be correlated with metrics of
structural complexity (Table 1). Structural complexity as measured by
terrestrial LiDAR can be grouped into categories that describe how
vegetation is distributed within the canopy: canopy height, density and
area, arrangement, cover, and variability (Atkins et al., 2018b, In Re-
view). Taller (Freitas et al., 2005), more heterogeneous (Hardiman
et al., 2011), dense (Ren et al., 2015), and clumped canopies (Thomas
et al., 2011) might also be greener and more reflective (Table 1)
(Gemmell, 1995; Freitas et al., 2005), because these structural com-
plexity metrics are also correlated with light acquisition (Atkins et al.,
2018a) and higher forest productivity (Hardiman et al., 2011; 2013b,
Fahey et al., 2016). In contrast, heterogeneous or less dense canopies
may be darker (Baldocchi and Harvey, 1995; Law et al., 2001), because
rougher canopies scatter a greater fraction of incident light
(Ogunjemiyo et al., 2005; Atkins et al., 2018a). A correlation between
wetness and all five categories of structural complexity across sites and
forest types is likely to be negligible, because structure across forest
types may not have a strong mechanistic link to canopy water content.

Terrestrial LiDAR provides detailed measurements of structural
complexity at a sub-hectare spatial scale (Parker et al., 2004; Hardiman

et al., 2013b), but covering areas larger than this can be logistically
challenging. The prohibitive cost and time requirements have limited
the quantification of structural complexity in ecological studies at
larger spatial extents, but Landsat imagery is globally available (Glenn
et al., 2008). The ability to link structural complexity with Landsat-
derived metrics could provide the potential to understand multi-
dimensional forest structure at a larger spatial extent and could even
improve global predictions of ecosystem function. Our overall objective
was to evaluate relationships between Landsat-derived metrics of ve-
getation and terrestrial LiDAR metrics of structural complexity within
forest canopies of Eastern North America (Table 1).

2. Methods

2.1. Study sites

We evaluated relationships between Landsat-derived vegetation
metrics and LiDAR-derived metrics of structural complexity across eight
National Ecological Observatory Network (NEON) sites (Fig. 1A)
spanning six ecoclimatic domains of eastern North America (Appendix
1: Table S1). Within each site, we collected terrestrial LiDAR and
Landsat imagery from N = 5–20 plots (40 x 40m) (Kao et al., 2012).
NEON site information and design can be found at http://www.
neonscience.org/science-design/field-sites/list.

2.2. Structural complexity metrics from terrestrial LiDAR

We used a terrestrial portable canopy LiDAR system based on the
design by Parker et al. (2004) to collect structural complexity from
within NEON plots. Briefly, high frequency laser pulses are emitted
from the LiDAR unit and reflect off canopy surfaces as an operator
moves the unit along a transect at a constant speed. Both reflected and
un-reflected pulses are used to reconstruct a representative vertical
cross section through the canopy, illustrating the spatial configuration
of surface area within the canopy volume. From this cross-section,
structural complexity is characterized via a suite of structural metrics
describing 2D and 3D heterogeneity of foliage. Structural metrics de-
scribing the arrangement of leaf area are related to, but not identical to,
the amount of leaf area in the canopy (Appendix 2). For details on the
design, calibration, operation, and validation of the portable canopy
LiDAR system see Parker et al. (2004).

Metrics of structural complexity that we measured by terrestrial

Table 1
Predictions for how Landsat-derived metrics might be correlated with LiDAR structural complexity metrics.

Structural complexity Description Predicted positive (+) or negative (−) correlation with mean of Landsat-derived
metrics

Canopy greenness (NDVI, EVI, TC
Greenness)

TC Brightness TC Wetness

Height
Mean leaf height Transect mean of column mean leaf height – mean of density-

adjusted vegetation heights per each column
+ + negligible

Mean outer canopy
height

Mean of the column maximum canopy height + + negligible

Area and density
Mean height of VAIMax Mean height of VAIMax across a transect + + negligible
Mean VAI Mean of column summed vegetation area index + + negligible
Cover
Cover fraction Transect mean of column ratio of canopy hits relative to total leaf

returns
+ + negligible

Heterogeneity
Mean of vertical SD Transect mean of column variability of mean leaf height + – negligible
Rugosity Transect variability of column variability of leaf density + – negligible
Top rugosity Transect variability of column maximum canopy height + – negligible
Arrangement
Porosity Ratio of bins with no leaf area to total bins – + negligible
Clumping metric Degree of foliar clumping + – negligible
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LiDAR can be grouped into five categories (Table 1; Parker et al., 2004;
Hardiman et al., 2011; Atkins et al., 2018b, In Review). These include
1) height metrics that describe the distribution of tree and leaf heights
within the canopy; 2) density metrics that describe the volume, area,
and density of leaves within the canopy; 3) arrangement metrics that
describe the 3D distribution of vegetation architecture within the ca-
nopy; 4) cover and openness metrics; and 5) variability metrics that
describe 3D leaf arrangement and variability (Hardiman et al., 2013b;
Atkins et al., In Review). We calculated 10 metrics that fall within these
five categories of structural complexity that are defined in Table 1
(Hardiman et al., 2013b; Atkins et al., 2018b, In Review). We measured
structural complexity from terrestrial portable canopy LiDAR data
collected along two to three 40m transects within each plot during the
2016 growing season (further described in Atkins et al., 2018a). The
raw data from each transect was processed with the forestr package in R
(Atkins et al., 2018b, In review) to produce 10 structural complexity
metrics. We calculated the plot-level mean (means of transects collected
within each plot) and the site-level mean (the mean of all plots within
each site) of structural complexity metrics. Additional details on the
definition, derivation, and calculation of these metrics are available in
Atkins et al. (In Review; forestr package in R).

2.3. Landsat-derived metrics

We downloaded Landsat 8 Pre-Collection top of atmosphere and
surface reflectance imagery from the USGS Earth Explorer (usg-
s.earthexplorer.gov) for each of the eight NEON sites to derive vege-
tation metrics. We selected one cloud-free image from the 2016
growing season, but if multiple suitable images were available then we
used imagery with the closest acquisition date to that of the portable
canopy LiDAR data. Landsat imagery was extracted from each NEON
location and all image digital numbers were converted to top of at-
mosphere and surface reflectance values using coefficients provided in
scene metadata. We extracted band data at two neighborhood sizes to
account for the potential of imperfect overlap of pixel and plot sizes,
because the NEON plot size is larger than the Landsat image pixels. The
first neighborhood size was a single 30 x 30m pixel (900 m2, 0.09 ha) at
the center of each 40 x 40m NEON base plot (1600 m2, 0.16 ha)
(Fig. 1B). We also extracted band data from a 9-pixel neighborhood
(3× 3; 0.81 ha) centered on each plot (i.e. we took the adjacent 8
pixels in addition to the center pixel). Five metrics were then calculated
for each pixel, including the normalized difference vegetation metric,
(NDVI; Tucker, 1979), enhanced vegetation metric (EVI, Huete et al.,
2002), and the tasseled cap brightness, greenness, and wetness trans-
formations (Crist and Cicone, 1984; Baig et al., 2014). These five

metrics were chosen because they represent some of the most widely
used Landsat vegetation indices as our study was not meant to be an
exhaustive exploration of all possible correlations between canopy
structural complexity and spectral data. The plot-level average and
standard deviation of metric values were calculated across the 9-pixel
neighborhood size. The site-level means (average of plots within sites)
of Landsat-derived metrics were also calculated. Landsat data was ex-
tracted and processed in R 3.4.1 (The R Group).

2.4. Statistical analyses

Prior to conducting statistical analyses, sampled plots were arbi-
trarily assigned to either a model calibration (80%) or validation (20%)
dataset (NPlots = 69, 17, respectively). Several variables were first ln (x
+ 1) transformed to meet model assumptions, including: mean NDVI,
EVI, tasseled cap (TC) brightness and wetness; the standard deviation of
NDVI, EVI, and TC brightness; mean outer canopy height, mean VAI,
mean of vertical SD, rugosity, and the cover fraction. All analyses were
conducted in R 3.4.1.

Before we tested our study objectives, we evaluated whether or not
there was a difference in the strength of the relationship between
Landsat-derived and structural complexity metrics at the 1- or 9-pixel
neighborhood size. This step was necessary to determine if resolution
differences between Landsat pixels and the area of NEON plots would
affect analysis results. Furthermore, relationships were significant fol-
lowing log-transformation, therefore we tested for linear terms in our
analyses. A detailed description of analyses and results for this step can
be found in Appendix 3; briefly, the 1-pixel for NDVI and EVI and 9-
pixel for the tasseled cap transformations were chosen to be used for all
analyses.

2.4.1. Analyses between plot-level Landsat-derived and structural
complexity metrics

We used linear regressions to test relationships among Landsat-de-
rived metrics and LiDAR structural complexity metrics across all plots
(NPlots=69). First, we tested for significant relationships between plot-
level means of Landsat-derived and structural complexity metrics with
univariate linear regressions; a Landsat-derived metric was the pre-
dictor and a structural complexity metric the response variable in each
analysis. Next, we tested for significant correlations between the stan-
dard deviation (in the 9-pixel neighborhood) of Landsat-derived and
structural complexity metrics. Correlation coefficients between struc-
tural complexity metrics may also be found in Appendix 3: Table S2.
Finally, we also tested for the potential of the leaf area index to explain
much of the variation between Landsat-derived metrics and structural

Fig. 1. Sampling sites and plots. A) NEON sampling site locations. B) Neighborhood size of Landsat-derived metrics at sampled 40 x 40m NEON base plots. The 40 x
40 m NEON base plot overlapped with the center 30 x 30m Landsat pixel.
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complexity; the methods and results for this analysis are presented in
Appendix 2.

We also used multivariate regression to explore if multiple Landsat-
derived predictors would have greater potential to explain variation in
structural complexity metrics at the plot-level. We constructed models
of Landsat-derived metrics that predict variation within each structural
complexity metric with stepwise multiple regression and AIC using the
MASS package in R (Venables and Ripley, 2002). We removed EVI from
multiple regression analyses, because it was highly correlated with
NDVI (|R|=0.92>our threshold level of an |R|>0.70 to avoid col-
linearity; Dormann et al., 2013). A stepwise regression with AIC was
then conducted for Landsat-derived metrics as predictor variables and
for each of the 10 structural complexity metrics as separate response
variables.

2.4.2. Analyses between site-level Landsat-derived and structural
complexity metrics

We tested for significant linear relationships between Landsat-de-
rived and structural complexity metrics at the site-level with rando-
mization tests (NSites = 8). The mean of structural complexity metrics
and Landsat-derived metrics at each site violated the assumption of
normality, so we used a non-parametric randomization test (Pitman,
1938). A probability distribution based on the existing dataset is used in
a randomization test to assess the significance of a test-statistic in linear
regression without violating model assumptions (Pitman, 1938).
Therefore, we assessed the significance of the overall model F-statistic
between the site means of Landsat-derived metrics and structural
complexity metrics with a randomization test. The adjusted R2 was
considered significant if the actual F-statistic was greater than 0.05 of
the proportion of 9999 randomly generated F-statistics from the ob-
served data.

2.4.3. Prediction of structural complexity metrics
To identify candidate structural complexity metrics that can be ro-

bustly estimated from Landsat-derived metrics, we tested the reliability
of predictions made by univariate and multiple regression models that
had an overall model R2 greater than 0.5. Landsat-derived metrics from
the randomly-selected 20% validation dataset (Nplots=17) was used to
test the ability of univariate and multiple regression models from sec-
tion 2.4.1 to predict new values of structural complexity as compared to
their actual observed values. We took the difference between predicted
and observed structural complexity values and estimated the distribu-
tion of the mean difference with bootstrapping. The accelerated 95%
confidence interval of each generated distribution (Efron and
Tibshirani, 1986) was compared to an expected value of zero to de-
termine whether regression models over or under-predicted new
structural complexity values.

3. Results

3.1. Plot- and site-level correlations between Landsat-derived and structural
complexity metrics

We found that Landsat-derived metrics of greenness were correlated
with multiple structural complexity metrics. Canopy greenness in-
creased with height, leaf area density, cover, and variability at the plot-
level, while canopy greenness decreased with metrics describing ca-
nopy arrangement (Table 2). NDVI, EVI, and TC greenness were sig-
nificantly related to nine, eight, and seven of the ten structural com-
plexity metrics, respectively (Table 2). The sign of these relationships
was positive for all three Landsat metrics of greenness, except for TC
greenness, which was negatively correlated with porosity. Of three
metrics that measure canopy greenness, NDVI was most strongly related
to structural complexity metrics (Table 2), with an adjusted R2 greater
than 0.5 for six metrics (Fig. 2). Conversely, EVI and TC greenness were
not as strongly correlated with structural complexity metrics (adjusted

R2 = 0.46, 0.23, respectively; Table 2).
TC brightness was positively correlated with leaf area density, ca-

nopy cover, canopy variability and arrangement across NEON plots,
whereas TC wetness was not correlated with any structural complexity
metrics (Table 2). Lower values of TC brightness were associated with
larger values of canopy rugosity and the clumping metric (Table 2). TC
brightness exhibited the strongest relationships with categories of leaf
density, cover, and arrangement, but none of the significant correla-
tions between TC brightness and any of the structural complexity me-
trics were especially strong (adjusted R2=0.07–0.32). Conversely, TC
wetness was not significantly correlated with any of the canopy struc-
tural complexity metrics at the plot-level (Table 2).

We found that the variation in Landsat-derived metrics across the 9-
pixel neighborhood was significantly associated with several structural
complexity metrics at the plot-level (Table 3). The direction of the re-
lationship between standard deviation of Landsat-derived metrics
across the 9-pixel neighborhood and structural complexity varied de-
pending on the individual metric (Table 3). The strongest relationship
was observed between the standard deviation of TC brightness within
plots and seven structural complexity metrics (R2=0.11–0.37). We
found that the standard deviation of NDVI within plots was associated
with five metrics (R2=0.09–0.13), EVI with three metrics
(R2=0.10–0.12), and TC greenness with one metric of structural
complexity (R2=0.11).

Positive site-level relationships (mean of plots within a site) oc-
curred between three Landsat-derived and structural complexity me-
trics. NDVI was significantly associated with three structural com-
plexity metrics, including Ln(mean VAI), Ln(cover fraction), and
porosity (R2 = 0.66, 0.67, 0.56, respectively; p < 0.05). NDVI was
marginally significantly associated with Ln(mean of vertical SD) and Ln
(rugosity) (R2=0.48, 0.44, respectively; p < 0.10). We also observed
that Ln(mean VAI), Ln(cover fraction), and porosity were significantly
positively correlated with EVI (R2 = 0.42, 0.43, 0.44, respectively).
One metric, clumping index (R2 = 0.38), was marginally negatively
(p < 0.10) associated with TC brightness. There were no significant
relationships between TC greenness and wetness with structural com-
plexity metrics. Overall, there were fewer significant correlations be-
tween Landsat-derived metrics and structural complexity at the site-
level than plot-level analyses.

3.2. Estimation of structural complexity metrics with NDVI

We chose six multiple regression and six univariate models with
adjusted R2>0.5 (Appendix 3: Table S3, 4, respectively) to evaluate
model estimates of six structural complexity metrics against a valida-
tion dataset. Overall, Landsat-derived metrics in multiple regression
and univariate NDVI models, robustly predicted five and six of the
chosen six structural complexity metrics, respectively, in the model
validation dataset (Fig. 3). Specifically, we found that the 95% con-
fidence intervals of the bootstrapped mean difference between pre-
dicted and observed structural complexity values (20% validation da-
taset, NPlots = 17) from multiple regression overlapped with zero for
five of the six structural complexity metrics (i.e. the model did not over
or under predict), excluding rugosity (Fig. 3A). The 95% confidence
intervals of the bootstrapped mean difference between predicted and
observed structural complexity values from simple linear regression
with NDVI overlapped with zero for all six metrics (Fig. 3B).

4. Discussion

Our study shows that two-dimensional vegetation metrics contain
signatures of three-dimensional canopy structure. We found that
Landsat vegetation indices from across eastern North America were
correlated with multiple structural complexity measures from terres-
trial LiDAR. Landsat-derived metrics of canopy greenness and bright-
ness explained 7% to 62% of variation in five categories of structural
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Table 2
Adjusted R2 (correlation coefficients) of univariate linear regressions between Landsat-derived metrics and structural complexity metrics. An adjusted R2 that was
significantly different from zero at ⍺<0.05 is shown, while those that were non-significant are depicted as NS.

Parameters Ln(NDVI) (1-pixel) Ln(EVI)
(1-pixel)

TC Greenness (9-pixel) Ln(TC Brightness) (9-pixel) Ln(TC Wetness) (9-pixel)

Height Mean leaf height 0.21 (14.97) 0.16 (24.61) NS NS NS
Ln(mean outer canopy height) 0.55 (3.59) 0.40 (5.73) 0.17 (0.62) NS NS

Area and density Mean height of VAIMax 0.12 (11.13) 0.09 (17.82) NS NS NS
Ln(mean VAI) 0.62 (3.68) 0.46 (5.89) 0.23 (5.97) 0.21 (6.45) NS

Cover Ln(cover fraction) 0.58 (3.73) 0.41 (5.90) 0.21 (12.16) 0.17 (9.80) NS
Heterogeneity Ln(mean of vertical SD) 0.56 (7.94) 0.42 (12.79) 0.19 (12.43) 0.09 (8.60) NS

Ln(rugosity) 0.52 (7.15) 0.37 (11.31) 0.23 (8.08) 0.07 (−8.61) NS
Top rugosity NS NS NS NS NS

Arrangement Porosity 0.53 (−0.67) 0.38 (−1.06) 0.12 (5.99) 0.32 (6.18) NS
Clumping metric 0.14 (−0.24) 0.04 (−0.26) 0.06 (−0.43) 0.15 (−0.72) NS

Fig. 2. NDVI explains variation in several structural complexity metrics across plots in eight forested sites within the Eastern US. A) The mean outer canopy height, B)
mean VAI, C) the canopy cover fraction, D) the mean vertical standard deviation of leaf height, E) rugosity, F) porosity. The adjusted R2 for the regression between Ln
(NDVI) and each canopy structural complexity metric shown was greater than 0.50 for a calibration dataset composed of 80% of the total dataset. The line of best fit
and 95% confidence intervals are shown.
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complexity at the plot-level with linear models; but canopy water
content was not significantly correlated with structural complexity.
There were more significant linear relationships between Landsat-de-
rived metrics and structural complexity metrics at the plot-level than at
the site-level, and several of these relationships were significant at both
levels for NDVI and EVI. The significant associations between canopy
greenness and structural complexity metrics at both the site- and plot-
level demonstrates that Landsat satellite imagery may contain addi-
tional structural information than previously realized. Our study sug-
gests that Landsat-derived metrics could be used to infer structural
characteristics of forest functional types at broad spatial extents.

Landsat-derived metrics of greenness were associated with metrics
from all five categories of structural complexity, likely due to the im-
portance of structural complexity as a driver of forest light acquisition
and productivity (Hardiman et al., 2011; 2013; Atkins et al., 2018a).
Linear relationships between greenness and structural complexity ca-
tegories were consistent across Landsat-derived metrics of greenness

with the exception of a weak positive, instead of a negative relation-
ship, between TC greenness and porosity. Specifically, canopy green-
ness increased with greater canopy height, cover, density, and hetero-
geneity of vegetation distribution. This may be partially driven by
efficient light interception in a more heterogeneous distribution of ca-
nopy vegetation (Atkins et al., 2018a) driving greater forest pro-
ductivity and greenness (Niinemets, 2010). Furthermore, canopy height
is positively correlated with species richness (Marks et al., 2016), which
may lead to a heterogeneous canopy structure and niche partitioning of
resource use, and ultimately increased ecosystem productivity (Fahey
et al., 2016). Finally, canopy greenness decreased with greater porosity
and foliar clumping. Greater foliar clumping is thought to increase
ecosystem productivity, because it increases the amount of light
reaching lower canopy levels and stimulates production of subcanopy
vegetation (Gonsamo et al., 2017; Chen et al., 2012); thus, the ob-
servation of a decrease in greenness (i.e. lower productivity) with in-
creased clumping was unexpected.

We found that canopy brightness was associated with several
structural complexity measures, a result that is consistent with prior
results showing 3D canopy structure influences the magnitude of re-
flectance. A brighter canopy was associated with greater vegetation
area, canopy cover, porosity, variability in leaf height and lower foliar
clumping. A canopy that exhibits more variation in leaf height, may be
less reflective due to a greater surface complexity and more scattering
of incident light (Ogunjemiyo et al., 2005; Atkins et al., 2018a). Tas-
seled cap brightness is typically used to distinguish soil from other land
surface types, such as dense vegetation, because it is brighter; however
tasseled cap greenness of vegetation has been shown to increase with
brightness (Gemmell, 1995). Our sites were composed of heavily
forested areas; thus, we would not expect a strong signature of
brightness due to bare soil in our dataset (Gemmell, 1995). Our re-
lationships between brightness and categories of structural complexity
support this in our study, and the relationships largely support our use
of brightness in this context. Albedo provides a measurement of canopy
optical reflectance or whiteness (Ollinger et al., 2008) that is preferable
to TC brightness. Therefore, future research endeavors could use a
Landsat-derived albedo product, when it becomes widely available, to
further explore the relationship between structural complexity and
optical brightness of forest canopies.

Denser and more homogenous canopies were more uniformly sa-
turated across Landsat pixels in our study, thereby reducing neighbor-
hood variation in canopy greenness and brightness. Specifically, we
found that the spatial variance of Landsat-derived metrics within plots
(9-pixel neighborhood) was significantly related to structural com-
plexity metrics. This could occur because Landsat-derived metrics can
become saturated at higher levels of greenness or brightness and lead to
low spatial variance within the saturation range of metric values; this is
especially well documented for NDVI (Huete et al., 2002; Gitelson,
2004). If these Landsat-derived metrics are related to structural com-
plexity, then positive or negative correlations of variance within a 9-
pixel neighborhood and structural complexity metrics will occur. In

Table 3
Adjusted R2 (correlation coefficients) of univariate linear regressions between the standard deviation of Landsat-derived metrics within a 9-pixel neighborhood and
structural complexity metrics. An adjusted R2 that was non-significant is show as NS.

Parameter Ln(NDVI) Ln(EVI) Ln(TC Brightness) TC Greenness TC Wetness

Canopy height Mean leaf height NS NS NS NS NS
Ln(mean outer canopy height) NS NS 0.23 (−4.66) NS NS

Leaf area density Mean height of VAIMax NS NS NS NS NS
Ln(mean VAI) 0.12 (−8.89) 0.10 (20.87) 0.37 (−5.70) NS NS

Canopy cover Ln(cover fraction) 0.09 (−8.32) 0.10 (22.13) 0.34 (−5.70) NS NS
Canopy variability Ln(mean of vertical SD) 0.12 (−19.96) NS 0.30 (−11.61) NS NS

Ln(rugosity) 0.09 (−16.82) NS 0.32 (−11.28) NS NS
Top rugosity NS NS NS NS NS

Canopy arrangement Porosity 0.13 (1.84) NS 0.29 (1.00) 0.11 (1.54) NS
Clumping metric NS 0.12 (−3.00) 0.11 (0.42) NS NS

Fig. 3. Bootstrapped mean difference between observed and predicted struc-
tural complexity values from a 20% testing dataset. A mean value of zero means
that there was no difference between predicted and observed values, while a
negative or positive mean indicates that predicted values were under or over
predicted by linear models, respectively. A) Canopy structural complexity va-
lues were predicted by a model developed by stepwise regression with Landsat-
derived metrics (80% training dataset). Predictive model coefficients can be
found in Appendix 3: Table S3. B) Canopy structural complexity values were
predicted by a model developed by simple linear regression with NDVI (80%
training dataset). Linear model coefficients can be found in Appendix 3: Table
S4. Error bars are the accelerated 95% confidence interval of each generated
distribution are shown (Efron and Tibshirani, 1986).
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regression analyses, we might then expect to see outliers at high values
of greenness. EVI may provide an alternative to reduce outliers from
NDVI, because EVI is less sensitive to saturation in heavy vegetation
(Huete et al., 2002).

Correlations between Landsat-derived indices and structural com-
plexity were stronger and more abundant at the plot- rather than site-
scale. One likely reason for this pattern was the lower statistical power
at the site- than at the plot-level because our study used eight sites.
However, several relationships between NDVI, EVI and structural
complexity metrics were significant at both levels. Furthermore, these
eight NEON sites originated from six ecoclimatic domains, and forest
types from different domains may vary substantially in their forest
structure, subsequently influencing the patterns observed in our study.
For example, Ordway Swisher Biological Station (OSBS) is dominated
by partially open-canopied savanna, with very different canopy struc-
ture than the closed-canopy forests that dominated other sites (e.g.
Appendix 1: Fig. S1-5). The addition of sites from other ecoclimatic
domains in future studies would increase the ecological applicability of
our results across different forest types and beyond Eastern North
America.

These results demonstrate that while Landsat vegetation metrics are
most often used as a proxy for one dimensional structural measures
summarizing the quantity of leaf area (Glenn et al., 2008; Fisher et al.,
2018), these same metrics are also sensitive indicators of the arrange-
ment of leaf area within canopies. In particular, NDVI robustly esti-
mated six metrics of structural complexity from a validation dataset
with linear models. Future efforts should expand this work to char-
acterize additional forest types and ecoregions and explore the potential
to create continent-scale estimates of canopy structural complexity by
combining multiple remote sensing technologies and spatial scales.

5. Conclusions

Forest structure is a key driver of ecosystem processes and remote
sensing can improve our understanding of canopy structural com-
plexity. Our study suggests that Landsat-derived metrics contain in-
formation related not only to leaf area, but also of the arrangement of
leaves within the canopy. Landsat-derived metrics of canopy greenness
and brightness were correlated with several components of structural
complexity from terrestrial LiDAR. The presence of these relationships
at both site- and plot-levels between NDVI, EVI and structural com-
plexity demonstrates the potential to use Landsat imagery to scale
structural complexity estimates from plot to sub-continental scales.
Although, correlations between Landsat-derived and structural com-
plexity metrics were relatively strong, they were not 1:1, suggesting
that accurately describing patterns of canopy structure at large spatial
extents may require combining multiple remote sensing technologies.
Thus, a next step should be to explore the potential development of
large extent maps of structural complexity with Landsat and LiDAR
technologies. Improved understanding of canopy structure can enhance
our ability to predict ecosystem processes across wide spatial extents
and ecoclimatic domains.
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