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Abstract Improving tropical forest current biomass estimates can help more accurately evaluate ecosystem
services in tropical forests. The Global Ecosystem Dynamics Investigation (GEDI) lidar provides detailed 3D
forest structure and height data, which can be used to improve above‐ground biomass estimates. However, there
is still debate on how best to predict tropical forest biomass using GEDI data. Here we compare stand biomass
predicted by GEDI data with the observed data of 2,102 inventory plots in tropical forests and find that adding a
remotely sensed (RS) trait map of leaf mass area (LMA) significantly (P < 0.001) improves field biomass
predictions, but by only a small amount (r2 = 0.01). However, it may also help reduce the bias of the residuals
because there was a negative relationship between both LMA (r2 of 0.34) and percentage of phosphorus (%P,
r2 = 0.31) and residuals. Leaf spectral data (400–1,075 nm) from 523 individual trees along a Peruvian tropical
forest elevation gradient predicted Diameter at Breast height (DBH) (the critical measurement underlying plot
biomass) with an r2 = 0.01 and LMA predicts DBH with an r2 = 0.04. Other data sets may offer further
improvements and max temperature (Tmax) predicts Amazonian biomass residuals with an r2 of 0.76 (N = 66).
Finally, for a network of net primary production (NPP) and gross primary production (GPP) plots (N= 21), leaf
traits predicted with remote sensing are better at predicting fluxes than structure variables. Overall, trait maps,
especially future improved ones produced by Surface Biology Geology, may improve biomass and carbon flux
predictions by a small but significant amount.

Plain Language Summary Improving predictions of tropical forest biomass can help us to fight
climate change. In this paper, we tried to improve tropical forest biomass predictions of satellite lidar (Global
Ecosystem Dynamics Investigation) by adding remote sensed estimates of leaf traits. Leaf traits like leaf mass
area or phosphorus slightly improved predictions of forest biomass with both a ground data set and a remotely
sensed data set. Further, remotely sensed trait data could help explain the differences in the prediction of
remotely sensed biomass compared with field derived biomass (residuals). Maximum temperature, but not soil
fertility, also improved biomass predictions. Remotely sensed leaf traits were better than structure, like tree
height, for predicting net primary production (NPP) and gross primary production (GPP). Future improved
hyperspectral satellite data may be used to further improve predictions of biomass, NPP and GPP.

1. Introduction
In an era of rapid climate change, accurately predicting forest carbon stocks is increasingly important because
carbon stored in forests can potentially offset anthropogenic emissions that cause climate change. For this reason,
international climate agreements such as REDD+ (Reducing Emissions from Deforestation and Degradation)
have been developed to encourage countries to conserve their forests (Goetz et al., 2015). Using forests as natural
climate change solutions, by incentivizing carbon trading and offset schemes, requires accurate and repeatable
measurements of forest aboveground biomass (AGB) (Goetz et al., 2015). Earth observation satellite remote
sensing (RS), coupled with ground‐based measurements, have the potential to provide systematic estimates of
AGB over vast spatial extents. Therefore, much effort has been put into developing such maps of AGB, albeit with
mixed results. For instance, two remotely sensed biomass maps showed markedly different biomass trends from
each other and from 413 ground plots (Avitabile et al., 2016; Baccini et al., 2012; Mitchard et al., 2014; Saatchi
et al., 2011). Mitchard et al. (2013, 2014) found the uncertainties were actually >25%more than those listed in the
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RSmaps of Baccini et al. (2012) and Saatchi et al. (2011) (Mitchard et al., 2013, 2014). They advise to incorporate
basal area‐weighted wood density estimates and note that depending only on the relationships between tree height
and biomass may lead to large, spatially correlated errors. Partially in response to such difficulties in predicting
biomass with optical RS, the Global Ecosystem Dynamics Investigation (GEDI) Lidar mission was launched
and installed on the International Space Station (ISS) in late 2018 and operational products started in March 2019
(R. Dubayah et al., 2020). GEDI is the first spaceborne lidar designed for terrestrial ecosystem research and the
first specifically developed to accurately measure forest canopy 3D structure. However, converting from laser
energy returns to accurate biomass predictions is not trivial.

GEDI covers most land areas below 52° latitude, but it does not provide wall to wall coverage and gaps between
GEDI tracks are greatest at tropical latitudes owing to the orbital configuration of the ISS (R.Dubayah et al., 2022).
To develop pre‐launch calibrated models of AGB, ground biomass plots were combined with coincident aircraft
lidar data using a waveform simulator (Hancock et al., 2019) to produce the GEDI Level‐4A (footprint level)
algorithm (Duncanson et al., 2022). Currently the L4A product for tropical forests uses relative height (RH ‐the
height that a certain quantile of energy is returned relative to the ground) 98 and RH 50 to predict a median AGB of
300 Mg Ha− 1 for tropical forests (0.66 r2 and RMSE of 10.4). Duncanson et al. (2022) compares these results to
previous studies. For instance, Asner and Mascaro (2014) used a network of 804 field inventory plots and aircraft
discrete return lidar in 5 tropical countries to estimate biomass with a R2= 0.92 and RMSE= 17.1 Mg/ha. Saatchi
et al. (2011) combined several data sets with aMaximum Entropymodeling framework across the tropics to get an
r2 of 0.80 and RMSE = 23.8. Baccini et al. (2012) used GLAS (Global Laser Altimetry System) on IceSat‐1
together with image data from MODIS (MODerate resolution Imaging Sensor) to estimate biomass across the
tropics in a modeling framework of ordinary least squares regression and random forest machine learning algo-
rithms with predictors of HOME (Height of Median Energy), other Height Metrics, and total Canopy returned
energy to get an r2 of 0.83 and RMSE = 22.6. These early studies exemplify the wide variety of techniques and
accuracies used to predict biomass in tropical forests. Forest structure data products derived from GEDI are also
related to AGB. For instance, Doughty et al. (2023) found forest stratification (% of forests with only one peak in
PAVD (Plant Area Volume Density) vs. those with several peaks) correlated with biomass more strongly than tree
height (Doughty et al., 2023). Duncanson et al. (2022) used algorithms stratified by 4 plant functional types and 6
world regions but did not include other remotely sensed (e.g., optical image) data as predictor variables for biomass.
Here we explore the extent to which incorporating external data sets and having more regional calibrations can
improve GEDI biomass predictions across tropical forests.

Environment (e.g., soils and climate) influences the community assembly of tropical forests and knowing species
composition could improve biomass estimates since different species have different wood density and structure.
For instance, Amazonian plant biogeography may follow a south‐west/north‐east soil fertility gradient and a
north‐west/south‐east precipitation gradient (ter Steege et al., 2006). Soil cation concentrations are the primary
driver of floristic variation for Amazonian trees (Tuomisto et al., 2019) with climate being of secondary
importance. However, in central African forests, climate is considered to be the driving factor of floristic patterns
(Réjou‐Méchain et al., 2021). Therefore, inclusion of soils or forest floristic maps could improve biomass pre-
dictions, since both are key variables in different biogeographic zones. Floristics could also determine the
relationship between leaf traits and biomass.

Leaf traits may also improve tropical forest biomass predictions. One global study of plant traits found that three‐
quarters of trait variation is captured in a two‐dimensional global spectrum of plant form and function (Díaz
et al., 2016). One major dimension within this plane reflects the size of whole plants and their parts; the other
represents the leaf economics spectrum, which balances leaf construction costs against growth potential (Díaz
et al., 2016). Since the size of whole plants may reflect their biomass, ideally there are other traits correlated with
plant size and structure that may prove predictive. Traits, such as foliar chemical content, like nitrogen (N), and
morphological traits, like leaf mass area (LMA), can be predicted remotely using high‐resolution leaf (Asner &
Martin, 2008; Homolová et al., 2013) and canopy (Asner et al., 2016; Cawse‐Nicholson et al., 2021) spectroscopy
(400–2500 nm) and algorithms based on partial least squares (PLS) regression or other machine learning sta-
tistical techniques. Spectral properties can even predict chemicals not directly expressed in the spectrum, such as
base cations or phosphorus (P) because these chemicals have stoichiometric relationships with chemicals that are
expressed spectrally (Ustin et al., 2006). Other tree traits such as wood density can be predicted with spectros-
copy, that is, traits that are not directly expressed in leaf spectra but that are instead correlated with leaf traits such
as LMA (Doughty et al., 2017). Wall to wall trait maps for leaf chemistry, leaf thickness (r2 = 0.52) leaf carbon
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content (r2 = 0.70) and maximum rates of photosynthesis (r2 = 0.67) have recently been created using Sentinel‐2
spectral data, soils and environmental data (Aguirre‐Gutiérrez et al., 2021).

Gross primary production (GPP) and Net Primary Production (NPP) are also important fluxes to calculate, but
currently are not accurately predicted for tropical forests. For instance, Cleveland et al. (2015) compared tropical
NPP estimates from field‐based methods, RS methods (like MODIS) and mechanistic model‐based methods (like
the Community Land Model ‐CLM). The three methods had similar estimates of NPP (i.e., ∼10 Mg C yr− 1), but
displayed differing patterns of NPP through space and through time. The RS based methods to predict NPP made
limited use of RS spectral data and relied more on climate based inputs. We are approaching the era of Surface
Biology and Geology (SBG, an upcoming wall to wall hyperspectral satellite) (Cawse‐Nicholson et al., 2021;
Schimel & Poulter, 2022) with hopes for accurate wall to wall trait maps of tropical forests.

For this paper we focus on the extent to which plant trait data may help to improve predictions of tropical forest
biomass and fluxes. We start by using a large trait database to explore whether traits can predict individual tree
Diameter at Breast height (DBH), since DBH is always included in allometric equations predicting biomass,
while other variables like tree height and species (to get wood density) are only sometimes included (Feldpausch
et al., 2011). Next, we compare GEDI predicted biomass to field plot biomass and examine how well RS derived
trait maps predict field and RS biomass. Finally, we determine the extent to which structure and traits can improve
predictions of tropical forest carbon fluxes (NPP and GPP). To the best of our knowledge, this the first paper
directly combining GEDI and satellite derived trait data to predict biomass. We test the following hypotheses:

H1—Leaf spectral and trait data are correlated with (and not orthogonal to) tree diameter (DBH), an
important variable for predicting biomass.

H2—Leaf traits and environmental data will improve predictions of both field and GEDI biomass.
H3—GEDI structure or RS trait maps will improve NPP or GPP predictions.

2. Materials and Methods
2.1. Field Leaf Trait and Spectroscopy Data

We used leaf trait and spectral data from an extensive field campaign along an elevation gradient (from 3,500 m to
220 m elevation) in the Peruvian Amazon where leaf traits for 60%–80% of basal area of trees >10 cm DBH were
measured within a well‐studied 1 ha plot network from April to November 2013 (Enquist et al., 2017). In each
1 ha plot (N = 10 plots), we sampled the most abundant species as determined through basal area weighting
(enough species generally to cover ∼80% of the plot's basal area). For each species, we sampled the five (three in
the lowlands) largest trees (based on DBH) and sampled one sun and one shade branch. On each of these branches,
leaf chemistry and LMA was measured with methodology detailed in Asner et al. (2014). On five randomly
selected leaves for each branch, we measured hemispherical reflectance with an ASD Fieldspec Handheld 2 with
fiber optic cable, contact probe which has its own calibrated light source and a leaf clip (Analytical Spectral
Devices High Intensity Contact Probe and Leaf Clip, Boulder, Colorado, USA) following (Doughty et al., 2017).
We measured leaf spectroscopy (400–1,075 nm) on the same branches where the leaf traits were collected. Both
LMA and Chlorophyl A had previously been shown with this data set to have a correlation with leaf spectroscopy
(Doughty et al., 2017). However, we had not previously tried to compare leaf spectral data with DBH directly.

2.2. Plot Data

Aboveground biomass—We used 2,102 of 19,160 total AGB field plots that are between +30° and − 30° latitude
classified as broadleaf evergreen trees by MODIS PFT using public data (Duncanson et al., 2022) that was
organized and publicly available through ORNLDAAC as an RDS (R data serialization) file. Distribution of plots
are shown in Figures S1 (AGB) and S2 (residuals) in Supporting Information S1.

NPP and GPP—We also used 21, 1 ha plots where NPP and sometimes GPP were measured following the GEM
protocol (Malhi et al., 2021). We focused on two regions: a Peruvian elevation transect with both NPP & GPP
(n = 10, RAINFOR plot codes are ALP11, ALP30, SPD02, SPD01, TRU03, TRU08, TRU07, ESP01, WAY01,
ACJ01 (Malhi et al., 2017)) and a Bornean logging transect with only NPP (n = 11 RAINFOR plot codes are
DAN‐04, DAN‐05, LAM‐01, LAM‐02, MLA‐01, MLA‐02, SAF‐01, SAF‐02, SAF‐03, SAF‐04, SAF‐05 (Riutta
et al., 2018). These plots were chosen because there are large changes in NPP/GPP across the elevation or logging
gradient.
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2.3. GEDI Data

We used the vertical forest structure (L2A and L2B, Version 2) and biomass (L4a) products from the GEDI in-
strument (R. Dubayah et al., 2020) from April 2019 to December 2022 for tropical forest regions (R. O. Dubayah
et al., 2023). We used a quality filtering recipe developed in collaboration with GEDI Science Team mem-
bers from University of Maryland and NASA Goddard to identify the highest quality GEDI vegetation shots
(R. Dubayah et al., 2022). A data layer that this iterative local outlier detection algorithm uses to exclude data is
publicly available at (R. O. Dubayah et al., 2023). For instance, some of the key data filters we applied were:
include degrade flags of 0, 3, 8, 10, 13, 18, 20, 23, 28, 30, 33, 38, 40, 43, 48, 60, 63, 68, L2A and L2B quality
flags = 1 (only use highest quality data), sensitivity ≥ 0.98. With the GEDI data we used canopy height, height of
median energy (HOME), and the number of canopy layers following Doughty et al. (2023).

Across all tropical forests, we created 300 by 300 m pixels containing all averaged (mean) GEDI data between
2019 and 2022. Using the centroid coordinates from each of the 2,102 plots, we found the 300 by 300 m averaged
GEDI pixel that encompassed the plot. If the plot was not encompassed by the GEDI data, we searched a wider
area by incrementally averaging a gradually increasing area of 1, 3, 5, and 10 pixels. In other words, if no 300 by
300 m pixel encompassed the plot, then we averaged all GEDI data an area one pixel out (4 by 4 = 1,200 by
1,200 m, 6 by 6 = 1,800 by 1,800 m, 11 by 11 = 3,300 m by 3,300 m), gradually increasing the square until it
encompassed an area with GEDI data. To compare with the NPP/GPP plots we compared RS trait and GEDI data
for individual footprints within a 0.03 km radius of the plot coordinates.

2.4. Remotely Sensed Leaf Trait Data

Based on a broader set of field campaigns, Aguirre‐Gutiérrez et al. (2021) used Sentinel‐2, climate, topographic
and soil data to create remotely sensed canopy trait maps for %P= phosphorus % leaf concentration, WD=wood
density g cm− 3, and LMA = Leaf mass area g m− 2.

2.5. Other Data Layers

We compared GEDI field and RS biomass estimates to several other climate and soils data sets listed below for the
Amazon basin. Each data set had its own resolution, which we standardized to 0.1 by 0.1°. We used total cation
exchange capacity (CEC) from soil grids (Batjes et al., 2020) in the top 0–5 cm layer in units of mmol(c) kg− 1. We
averaged TerraClimate (Abatzoglou et al., 2018) data between 2000 and 2018 for Vapor Pressure Deficit (VPD in
kPa), Mean Monthly Precipitation (mm/month), potential evapotranspiration (PET) and maximum and minimum
temperature (°C).

2.6. Statistical Analysis

We did a principal component analysis (PCA) for the tree level trait data of DBH, % of nitrogen in leaf (% N),
LMA, and chl A using the matlab (Matlab, MathWorks Inc., Natick, MA, USA) function “pca”. We used the
matlab function “fitlm” to fit linear models to examine the relationship between the variables, such as soils data,
environmental data, leaf trait data (at 0.1° resolution) and GEDI structure data (300 m and bigger resolution), and
field biomass and NPP/GPP estimates. The P values listed are for the t‐statistic of the two‐sided hypothesis test.
We used R to create a linear model to predict the best model ranked by Akaike Information Criterion AIC and
parsimony using the dredge function from the MuMIn library (Bartoń, 2009). We also used CAR package (Fox &
Weisberg, 2019) and the VIF command to test for multi‐collinearity between variables. To account for spatial
autocorrelation, we used Simultaneous Auto‐Regressive (SARerr) models (Dormann et al., 2007) using the R
library “spdep” (Bivand et al., 2013). We tested different neighborhood distances from 10 to 300 km and found
that AIC was minimized at 80 km (Figure S3 in Supporting Information S1) and the corresponding correlogram
showed reduced spatial autocorrelation (Figure S4 in Supporting Information S1). To predict leaf traits with the
spectral information, we used PLS Regression (PLSR) (Geladi & Kowalski, 1986) using the PLSregress com-
mand in Matlab (Matlab, MathWorks Inc., Natick, MA, USA). To avoid over‐fitting the number of latent factors
we minimized the mean square error with K‐fold cross validation. We use 70% of our data to calibrate our model
and then the remaining 30% to test the accuracy of our model. We use adjusted r2, which penalizes for small
sample sizes throughout the manuscript.
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3. Results
We examined the relationship between averaged trait values collected from cut branches and DBH of that tree for
3,695 leaves from 523 trees (Doughty et al., 2017) along a Peruvian elevation gradient and found a low correlation
(r2 < 0.01) between leaf chemistry (%N and %P) and DBH. However, LMA showed a significant (P < 0.0001)
positive correlation with DBH and Chl A showed a significant (P < 0.0001) negative correlation but with
relatively low variance explained (r2 = ∼0.04 and 0.06 respectively) (Figure 1). LMA had a significant
(P < 0.0001) negative correlation with tree height (r2=∼0.17). We did a PCA for the tree level trait data of DBH,
%N, LMA, and chl A and found the first principal component axis explained 94% of the variance and was
dominated by DBH, while LMA dominated the second PCA axis and explained ∼6% in the orthogonal direction
(Figure S5 in Supporting Information S1). This may be why traits explain little of the variance in our data set. We
then compared tree averaged leaf spectral data (400–1,075 nm) to DBH using the PLSR technique and found only
a weak correlation (Figure 2, r2 = 0.01). LMA is predictable with spectroscopy (r2 = 0.63) and DBH is weakly

Figure 1. Individual tree height compared with leaf mass area (LMA) g m− 2 (a), diameter at breast height compared with
LMA g m− 2 (b), % Chlorophyl A (c) and % N (d), averaged on ∼3 branches and 5 leaves per branch.
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predictable with LMA (r2 = 0.04), and this translated into spectra being able to predict DBH with an r2 = 0.01 in
this data set.

We then compared predictions of GEDI biomass to 2,102, 25 m (although some plots are 1 ha) biomass plots
across all tropical forests (not just Peru) (Figure 3). These plot data were used to create GEDI's Level 4 footprint‐
level AGB product using simulated waveforms from ALS collocated with field plots. In contrast, we created 300
by 300 m pixels containing all averaged (mean) GEDI data between 2019 and 2022 across all tropical forests. We
acknowledge a degree of circularity in our analysis, but the comparison is different than Duncanson et al. (2022).

Figure 2. Leaf spectral data (400–1,075 nm) (N = 3,695 individual leaves) averaged on ∼3 branches and 5 leaves per branch
versus their diameter at breast height (left) or leaf mass area (right) using the partial least squares regression technique (blue
is training data and red is the validation data).

Figure 3. Global ecosystem dynamics investigation predicted biomass minus field biomass (residuals) (left) and field
biomass (right) where (top) the color dots represents the value (residuals Mg ha− 1 between 100 and − 100 = green,
>100 = red, and <− 100 blue and above ground biomass Mg ha− 1 < 150 = green, between 150 and 300 = red and
>300 = blue). For the maps we show a subset of the data for visual clarity. The full maps are shown in Figures S1 and S2 in
Supporting Information S1. On the bottom, we show a histogram of the residuals (left) and field biomass (right). All
comparisons were aggregated to 300 by 300 m areas.
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Because of the variable nature of GEDI data collection and the variable ISS orbital tracks, only 247 (∼45%) of the
plots had plot data within the 300 by 300 m pixel and ∼2.5% of the plots needed an area of 3,300 m by 3,300 m.
We therefore are not aligning field and GEDI data but are instead assessing regional correlations among variables
of interest, thus our expected correlations will be much lower than where GEDI and field plots are geolocated and
temporally aligned. We then subtracted GEDI regional averages of predicted biomass from field derived biomass
(henceforth referred to as residuals) for 2,102 plots across the tropics and showed both their location, AGB, and
the average difference from the GEDI predicted value (Figure 3). There are spatial patterns with the residuals
with, for instance, GEDI overestimating AGB in the Yucatan Peninsula and underestimating in the Eastern
Amazon. Overall, the residuals have two modes at ∼− 100 and 100 Mg ha− 1. Next, our goal is to determine
whether the bias can be reduced by incorporating RS leaf traits or other external data sets.

For these 2,102 plots, there was a significant (P < 0.0001) negative correlation between the remotely sensed trait
of LMA for both GEDI biomass (r2 = 0.38) and GEDI measured forest height (r2 = ∼0.43) (Figure 4). There was
a significant (P < 0.0001) negative correlation between remotely sensed % P and biomass and height (r2 = 0.31
and r2= 0.36 respectively). However, LMA predicted field derived biomass poorly (r2∼ = 0.01) and % P was not
correlated with field derived biomass (P > 0.05). LMA was always a stronger predictor than %P, for height, RS
biomass and field derived biomass. We correlated field versus remotely sensed biomass (r2 = ∼0.05) and
remotely sensed tree height (r2 = ∼0.03) (note again that these are regional correlations and not exact geolocated
comparisons).

We then compared LMA, %P, GEDI height and percentage one peak (an estimate of canopy stratification with
1 = more than one vertical peak in PAVD and 0 = one vertical peak in PAVD) to biomass residuals and found a
negative relationship between LMA and residuals (r2 of 0.34, N = 66) and a negative relationship with %P
(r2= 0.31). Of GEDI structure variables, % one peak did poorly, only predicting 4% of the variance but tree height
predicted biomass strongly with an r2 of 0.74 (Figure 5). We then subset the AGB field plots for the Amazon basin
(N = 66 of 2,102 total) to match our climate and soils data sets. We compared climate data (VPD, Tmax, PET) and
soils data (CEC) to biomass residuals and found Tmax was best in predicting residuals with an r2 of 0.79 followed
by PET (r2 = 0.70) and VPD (r2 = 0.28) (Figure 6). We did not find a significant relationship (P > 0.05) between
CEC and biomass residuals.

We tested for spatial autocorrelation and found that averaging around a radius of 80 km (this large radius may
incorporate broader climate trends) minimized AIC (Figure S3 in Supporting Information S1) which reduced
spatial autocorrelation according to the correlogram (Figure S4 in Supporting Information S1). There was some
collinearity between the trait variables and structure variables (VIF > 3), so we removed %P and HOME and
this reduced all collinearity scores to under ∼1.5. To predict RS biomass, the best model by AIC included
LMA, height, and % one peak, but LMA was only marginally significant (Table 1). For field biomass, the best
model by AIC again included all three variables but % one peak was not significant. After controlling for spatial
autocorrelation by grouping the plot data into neighborhoods of 80 km, the statistical models changed. Adding
LMA (but not %P, HOME, or % one peak) significantly (P < 0.0001) improved field biomass predictions.
Adding traits (neither LMA or P) did not significantly improve RS biomass but both % one peak and HOME
did (P < 0.0001). We log10 transformed the data (biomass, LMA and height) which improved predictions of
field biomass (from r2 of 0.03 to an r2 of 0.16) but did not improve predictions of RS biomass. Overall, canopy
height was always by far the most important predictor of AGB but adding RS LMA did improve predictions of
field biomass by ∼0.01 r2.

We then estimated NPP and GPP data with traits (LMA and % P) and structure (biomass, tree height, and % one
peak). LMA showed the strongest correlation with both NPP (r2 = 0.38) and GPP (r2 = 0.41) (Figure 7). Tree
height and % one peak were not significantly correlated with the NPP/GPP plot data. For the logging gradient in
Borneo there was a significant correlation with both tree height and LMA to NPP with LMA stronger than other
traits. However, when we combined the Borneo and Amazonia data sets together, only LMA remained signifi-
cantly correlated with NPP (Figure 8).

4. Discussion
After controlling for spatial autocorrelation, adding RS derived LMA trait data significantly improves predictions
of field measured (but not GEDI estimated) tropical forest biomass, only by a small amount (improving r2 by
∼0.01) but information criteria (AIC) suggest LMA should be added. An important caveat is that we are not
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comparing geolocated field plot data to GEDI and trait data for the same exact area, but instead for the broader
region (i.e., only 45% of the ABG plots have GEDI data within a 300 by 300 m area). This differs from the study
by Duncanson et al. (2022) where airborne lidar data were used to simulate GEDI data for each plot, therefore
comparing predicted GEDI structure for the same area as the field plots. Since there is much regional variation in
biomass, our predictions of field measured biomass have a low r2 (r2∼0.03) but were significantly improved with
RS LMA data. LMA also directly predicts field biomass with an r2 ∼0.01 (Figure 4). At the individual tree scale
(Figure 1), we show similar results with LMA predicting 4% of DBH variance (highly correlated with biomass)
and spectral properties predicting 1% of DBH variance (Figure 2). However, predicting biomass at the canopy
scale may have more success than at the leaf scale, because canopies incorporate more spectral information with
higher LAI (Baret et al., 1994). Therefore, we estimate that adding RS trait data to GEDI results in a real, but very
small improvement in field biomass predictability. But is this meaningful? The GEDI L4A product for tropical

Figure 4. Leaf mass area (g m− 2) versus RS biomass (a) Mg ha− 1, tree height (c) (m), and field derived biomass (e) Mg ha− 1.
P (%) versus RS biomass (b) Mg ha− 1, tree height (d) (m), and field derived biomass (f) Mg ha− 1. RS biomass (g) Mg ha− 1

versus field derived biomass and (h) tree height (m) versus Mg ha− 1versus field derived biomass.
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forests currently has an accuracy of 0.66 r2 (Duncanson et al., 2022), so any real improvement is welcome, if real.
However, adding non‐GEDI data to biomass predictions could also introduce error which could cancel out the 1%
improvement.

Figure 5. Biomass residuals (plot biomass minus global ecosystem dynamics investigation (GEDI) predicted biomass) versus
remotely sensed leaf mass area (a), % P (b), and GEDI predicted structural variables (height (C) and HOME(d)).

Figure 6. Biomass residuals (plot biomass minus global ecosystem dynamics investigation predicted biomass) versus soils
(cation exchange capacity (CEC) and climate data (vapor pressure deficit, potential evapotranspiration, and maximum
temperature (Tmax).
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Some of our results tentatively suggest that adding traits could lead to a greater improvement in AGB prediction
than suggested above by reducing bias in the residuals. For instance, we found the remotely sensed trait of LMA
was correlated with both GEDI biomass (r2= 0.38) and GEDI measured forest height (r2=∼0.43) (Figure 4). We
also found both LMA (r2 of 0.34) and %P (r2 = 0.31) correlated with the biomass residuals. This suggests that
traits could potentially correct for bias in current GEDI predictions, which could be more useful than a 0.01
improvement in r2. However, because the leaf traits maps use predictors of soils and climate data in addition to
Sentinel 2 spectral data, the improvements to biomass prediction may be due to the influence of the underlying
climate variables as shown in Figure 6. LMA and %P correlated more with RS AGB than field AGB possibly for
this reason as well. We focused on using trait data in tropical forests because remotely sensed species detection is
difficult (Feret & Asner, 2013; Mulatu et al., 2017), but similar approaches could potentially be used in lower
diversity temperate and boreal forests as well. There is optimism for future improvements in predictability
because our leaf spectral data only extends through 1,075 nm, and there is likely important spectral information at
longer wavelengths (e.g., in the shortwave infrared). The current RS trait maps (Aguirre‐Gutiérrez et al., 2021)
use a few Sentinel 2 spectral bands but future satellites like SBG (Cawse‐Nicholson et al., 2021; Schimel &
Poulter, 2022) or the Plankton, Aerosol, Cloud, ocean Ecosystem mission (Gorman et al., 2019) will have
improved or wall to wall hyperspectral data and therefore future, more accurate trait maps may improve biomass
estimates by a greater amount or reduce uncertainties.

Our strongest (non‐GEDI) predictor of biomass residuals was Tmax with an r2 of 0.79, but we note that this is
based on a much smaller Amazon only data set (N = 66) (Figure 6). The negative correlation suggests that GEDI
underpredicts biomass in regions where VPD or Tmax is on average higher. Stressful temperature or aridity may
reduce tree biomass and height from their maximum potential or select for smaller species with more conservative
strategies. This result is supported by literature showing higher temperatures reducing tropical forest growth rates
(Clark et al., 2003). Soil cation concentration was not a strong predictor of biomass residuals in our data set which
is surprising because soil cation concentrations are the primary driver of floristic variation for Amazonian trees
(Tuomisto et al., 2019) with climate being of secondary importance.

In a previous paper, we had hypothesized that forest stratification (% one peak or the number of single stratum
forests as a percentage of total) might improve biomass predictions better than a simple metric like rh50 (Doughty
et al., 2023) because in that paper, % one peak predicted biomass better than tree height. Ecological theory
suggests that a stratified forest with more large emergent trees is indicative of an older forest (Halle et al., 1980),
which generally has higher biomass and carbon content. However, in our study, % one peak was a fairly poor
predictor of the residuals explaining only 4% of the variance. This compares with other traits that predicted more
variance such as 75% with tree height, 16% with rh50 and 36% with HOME. When we added % one peak to our
overall model it did not improve the AIC, and therefore seems a poor predictor of biomass across tropical forests.
We also found a high correlation between GEDI height and biomass residuals (Figure 5c), which may be due to
the transformation (log or square root) of biomass in GEDI L4A models such that error increases as biomass/
height increases. Further, a recent paper found that GEDI accurately predict redwood tree heights but still un-
derestimates AGB because tree height may not be an accurate predictor for high biomass forests

Table 1
Model Results (ΔAIC and Adjusted R2) for Field Derived Biomass, and Global Ecosystem Dynamics Investigation (GEDI)
Predicted Biomass Using GEDI Measured Forest Height, GEDI Measured Maximum PAVD Height, % One Peak, and Leaf
Traits of Leaf Mass Area and % P

Variables

Field derived biomass RS biomass

ΔAIC Best model Adj r2 ΔAIC Best model Adj r2

Height, peak, P 1 Height, P, PEAK 0.0356 1.5 Height, peak, P 0.799

Height, peak, LMA Height, peak 0.0281 Height, peak 0.799

Height, HOME, P 3 Height, P, HOME 0.0368 22 Height, HOME, P 0.795

Height, HOME, LMA 2 Height, HOME, LMA 0.0326 7 Height, HOME, LMA 0.793

Height – 0.0272 – 0.787

Note. For ΔAIC we give the change in ΔAIC between the best model and the second‐best model. The best model column
gives the best model according to AIC and the variable removed (bolded and italicized) for the next best model.
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(Sillett et al., 2024). Moving forward, terrestrial lidar can expand our understanding of tree structure and possibly
create improved biomass estimates beyond DBH (Stovall & Shugart, 2018).

Remotely sensed MODIS NPP and GPP is a commonly used input to many global models (Zhang et al., 2012) but
previous studies have found that MODIS NPP does not match ground based estimates of NPP seasonality and
therefore, there is a need for improved remote sensed NPP estimates (Cleveland et al., 2015). Our results
(Figures 7 and 8) suggest that adding trait maps to predictions of GPP and NPP could potentially improve ac-
curacy, but GEDI structure metrics did not improve predictability. For instance, remotely sensed LMA predicted
GPP (r2= 0.4) and NPP (r2= 0.35) better than GEDI height in an Andean elevation gradient (Figure 7). When we
combined both data sets, only LMA continued to predict NPP (Figure 8). However, although we used the biggest
NPP and GPP data set in the tropics, our sample size (N = 21) was small. More ground based NPP/GPP networks
are necessary for validation before we would have confidence in this result.

Figure 7. Net Primary Production (left) and Gross primary production (right) data from South America compared to % one
peak (top) (an estimate of canopy stratification with 1 = more than one vertical peak in PAVD and 0 = one vertical peak in
PAVD), global ecosystem dynamics investigation (GEDI) calculated tree height (middle), and remote sensed leaf mass area
(bottom). GEDI data are from the nearest 0.03° pixel.
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Overall, we show several lines of evidence (tree DBH vs. leaf traits, tree DBH vs. spectroscopy, RS traits vs. field
biomass, RS traits vs. field NPP/GPP) that traits can slightly improve estimates of tropical forest biomass and
fluxes and possibly may be further improved in the future with data from new satellite missions like SBG. Other
potential improvements in remote biomass estimates might come from integrating dynamic vegetation models
that have trait data with GEDI observations (Ma et al., 2023).

Data Availability Statement
Description of the Type(s) of data and/or software. Data—Data and its descriptions to create all figures and tables
in this paper are available (Doughty, 2024). Software—All code and its descriptions to create all figures and tables
in this paper are available (Doughty, 2024).

Figure 8. Net Primary Production data from Borneo and South America compared to global ecosystem dynamics
investigation calculated tree height (top), % one peak (middle) (an estimate of canopy stratification with 1 = more than one
vertical peak in PAVD and 0 = one vertical peak in PAVD) and remote sensed leaf mass area (bottom).
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