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A B S T R A C T

The models that produce most existing forest height maps minimize mean individual prediction errors quantified 
by metrics such as Root Mean Square Error (RMSE). However, when predictor data do not explain all height 
variability in the training sample, this objective function leads to prediction toward the mean, distorting 
population-level prediction of height range and variability. Several existing forest height maps have used training 
data from NASA's Global Ecosystem Dynamics Investigation (GEDI) lidar mission, and while the mission's re
trievals are subject to measurement error, we used GEDI to: 1) evaluate population-level errors of three prom
inent global height maps; and 2) produce new maps designed to better represent the full height distribution. 
Specifically, we introduce the GEDI L4D Imputed Waveform product, which was created using a nearest neighbor 
algorithm. This model assigned a high-quality waveform, represented by 11 Relative Height metrics and other 
measurements, to each 30 m pixel in the tropical and temperate domain. Covariates included synthetic Landsat 
bands derived from time series fit to all clear imagery. While previous maps systematically homogenized tree 
heights over large regions, L4D did not, and tests verified that L4D preserved appropriate covariance among 
GEDI-derived forest vertical structure metrics. Validation shows that L4D top height RMSE values were up to 
approximately 1.1 m greater than other maps. Applications such as predicting timber yield, modeling species 
distributions, and simulating fire spread may benefit from more demographically accurate tree height maps. 
Moving forward, attention to population-level accuracy metrics may increase the practical value of remotely 
sensed maps.

1. Introduction

Forest canopy height is a key covariate for numerous ecosystem 
services, including timber volume, biomass storage, and habitat suit
ability; maps of forest height are therefore a crucial component of global 
forest monitoring. In the absence of globally comprehensive ground- 
based forest inventory data, high-quality measurements from space
borne lidar instruments have provided calibration data for wall-to-wall 
maps of height and other vertical structure metrics (Simard et al., 2011). 
NASA's Global Ecosystem Dynamics Investigation (GEDI; Dubayah et al., 
2020) lidar mission has contributed to the calibration of a number of 
recent global height maps, including maps evaluated here from Potapov 

et al. (2021), Meta (Tolan et al., 2024), and Lang et al. (2023). 
Throughout this paper, quality-filtered GEDI waveforms are treated as 
reference data against which the accuracy of derived wall-to-wall maps 
may be evaluated. Beyond pixel-level accuracy, the population sampled 
by GEDI is taken (with specific minimum sample number thresholds) as 
the best available globally consistent approximation of “true” forest 
height distributions. We proceed with this approximation while recog
nizing that remotely sensed measurements have inherent uncertainty, 
including saturation effects, which may compromise population-level 
accuracy metrics, and that the accuracy of GEDI height measurements 
is lower than airborne laser scanning (Roy et al., 2021; Dhargay et al., 
2022; Mandl et al., 2023).
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While it is conventional to report map accuracy in terms of the 
magnitude of the average residual error via metrics such as Root Mean 
Square Error (RMSE), the sheer density of 25 m footprint measurements 
available from GEDI (this study uses 8.5 billion high-quality shots) now 
also enables evaluation of the parameters of the predicted population 
against a densely sampled presumed reference population. While low 
mean prediction error is clearly desirable, predicting a population with 
the correct mix of high and low values can also be important. For 
example, GEDI's spatially incomplete sample of waveforms has been 
used with the height-structured Ecosystem Demography model (Ma 
et al., 2023) to constrain represented ecosystem processes. While wall- 
to-wall height maps would expand calibration options for this type of 
model, biases realized in the predicted population – for example, an 
inaccurate range of heights – may result in misleading ecological con
clusions. Forest structure metrics involving canopy height and cover also 
support fuel characterization used in fire science (Picotte et al., 2019; 
Heisig et al., 2025). Models which exaggerate uniformity of tree heights 
may affect mapped fuel classifications and any subsequently modeled 
fire behavior.

There is reason to suspect that many available global forest height 
maps, including the three mentioned above, exhibit an artificial con
centration of predictions around the mean of measured remote sensing 
data. First, empirical case studies demonstrate that underprediction of 
high height values and overprediction of low values is common in 
mapped populations (Moudrý et al., 2024; Chen et al., 2025). Second, 
models which generate predictions without attention to prediction dis
tribution are mathematically likely to predict toward the mean if 
minimization of unexplained error is an objective. To the degree that 
predictor data do not differentiate tree heights, models ranging in form 
from least squares regression to complex neural networks solving for 
parameters that minimize prediction error will tend to predict toward a 
mean value. Third, models developed using limited and imbalanced 
sample data may fail to capture the full range of the forest height dis
tribution. The artificial homogeneity introduced in the resulting map 
may degrade intended applications.

The newly released GEDI L4D Imputed Waveform product (Seo et al., 
2025) was specifically formulated to avoid distortions of the predicted 
population with respect to the local sample of high-quality GEDI 
waveforms. The product provides 11 imputed GEDI L2A Relative Height 
(RH) metrics, corresponding L2B canopy cover, and L4A aboveground 
biomass density (AGBD) at 30 m resolution. Hereafter, we refer to these 
11 imputed RH metrics as the “imputed waveform,” as they represent 
the vertical structure captured by GEDI waveforms. A k-nearest neighbor 
with k = 1, referred to here as the Most Similar Neighbor imputation 
approach (MSN; Valbuena et al., 2018), was used to assign a nearby 
high-quality GEDI waveform to every terrestrial 30 m pixel according to 
a distance function calculated in a multivariate space defined by cor
responding Landsat time series data (as described in Section 2.1). If 
GEDI provides an approximately representative sample in a given 
modeling area, the density of GEDI shots and Landsat data should covary 
such that each “neighbor” (reference observation) has approximately 
the same number of “nearest” pixels, resulting in a distribution of pre
dictions that should reflect the distribution, across all of GEDI's 
measured variables, implied by an independent hold-out set of wave
forms. Additionally, since all waveform properties are imputed in 
aggregate, the covariance measured by GEDI among fields such as 
canopy top height and canopy cover should be preserved in the imputed 
L4D maps (Moeur and Stage, 1995).

In this paper, we evaluate both GEDI L4D and the three existing 
global height maps mentioned above globally in terms of RMSE and four 
metrics of population-level fidelity to GEDI's original height sample: 

1. Population dispersion: Difference between the predicted and refer
ence canopy height Inter-Decile Range (IDR). IDR is a measure of 
local height variation defined by the difference in meters between 
the local 10th and 90th percentile heights for a given area;

2. Population distribution: Kolmogorov-Smirnov (KS) test for the dif
ference between the predicted canopy height distribution of the wall- 
to-wall map and the distribution of local canopy heights recorded by 
an independent sample of GEDI data;

3. Population-level covariance: Preservation of covariance among 
relative height (RH) metrics derived from waveform lidar. Since only 
GEDI L4D (among the maps considered here) predicted multiple RH 
values, this metric was evaluated only for that product;

4. Population-level correlation: Preservation of the GEDI-sampled cor
relation between canopy height and aboveground biomass density 
(AGBD) in the mapped population. As above, this could only be 
applied to L4D.

Good performance related to IDR requires accurate prediction of 
extreme values (measured at the 10th and 90th percentiles) while the KS 
test requires an accurate mapped representation of the continuous dis
tribution of predictions in GEDI's sample. The covariance and correla
tion dimensions extend the evaluation to properties among multiple 
variables. This last metric is relevant when multiple maps are combined 
for a given application. For instance, the habitat-related application 
described by Healey et al. (2006) focused on forests that met mapped 
criteria for both percent cover and basal area. In this study, we evaluated 
practical tradeoffs among these emergent elements of accuracy and 
RMSE. As space lidar missions provide increasingly comprehensive 
samples of forest structure, evaluation of the population-level accuracies 
of alternative products may stimulate more deliberate consideration of 
which elements of map accuracy may be most relevant for specific 
applications.

2. Methods

The GEDI L4D Imputed Waveform product provides wall-to-wall 30- 
m GEDI waveform predictions for the year 2023 and is generated using 
the MSN algorithm operating upon multi-spectral and topographic in
puts. Details of the imputation procedure are provided in Section 2.1, 
and the population-level evaluation methods for assessing the globally 
imputed products are presented in Section 2.2.

2.1. Most similar neighbor (MSN) imputation for GEDI L4D

MSN is equivalent to the 1-nearest neighbor (1− NN) algorithm. The 
k-NN framework is a non-parametric machine learning method used for 
both classification and regression (Bishop, 2006). Predictions are made 
by identifying the most similar observed samples on the basis of ancil
lary data and typically averaging their response values without 
assuming a parametric model. The choice of k, the number of neighbors, 
is the primary hyperparameter in k-NN and influences predictive per
formance. In general, aggregating information from multiple neighbors 
(k > 1) reduces mean prediction error by capturing overall trends and 
reducing noise. However, as k increases, predictions are increasingly 
pulled toward the mean of the response variable, causing the distribu
tion of predictions to diverge from that of the observations and com
pressing variation across the full range of values (Hudak et al., 2008). In 
contrast, MSN (k = 1) better preserves the full range of the data because 
each prediction inherits the value of the single most similar observed 
sample; no averaging occurs. As described above, MSN also tends to 
yield a prediction distribution closer to that of the training data, pro
vided the training data adequately represent the landscape in the co
variate space assembled for imputation. However, this advantage comes 
with the risk of overfitting to outliers in the samples, which we discuss 
later as part of the strengths and limitations of the MSN approach. To 
ensure high-quality data for the development of GEDI L4D, extensive 
quality filtering was applied to ensure inclusion only of high-quality 
GEDI shots (Seo et al., 2025); we recognize that our results may be 
sensitive to the stringency of the filtering criteria. The quality-filtering 
criteria applied are as follows: 
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1. Quality filtering based on V002 GEDI Level-2A flags: We downloaded 
GEDI shots for which the GEDI L2A flag ‘quality_flag’ was 1 (valid 
surface returns with sensitivity >0.9), and the ‘degrade_flag’ was one 
of 0, 10, 20, 30, 3, 13, 23, 33 (not acquired under significantly 
degraded geolocation conditions), and the ‘leaf-off-flag’ was either 
0 (leaf-on) or 255 (unknown).

2. Quality filtering based on a list of sub-orbit granules excluded from 
the GEDI L4B product: The GEDI Science Team provides a JSON file 
for filtering out sub-orbit granules affected by anomalies (Dubayah 
et al., 2023). We excluded GEDI shots identified in this JSON file.

3. Quality filtering based on grid tiles: We filtered out GEDI shots that 
fall in grid tiles entirely covered by water.

4. Quality filtering based on covariate availability: We filtered out GEDI 
shots that had no valid covariates. The covariates used in this study 
are described in Section 2.1.2.

5. Quality filtering using a local outlier detection algorithm: We 
developed a local outlier detection algorithm to identify GEDI shots 
with abrupt spike values that were inconsistent with the surrounding 
spatial context. For each tile, we fitted a local spatial smoothing 
model using geocoordinates and selected environmental covariates, 
and used it to filter out shot-level outliers with large discrepancy 
from expected spatial patterns.

It should be noted that MSN offers a computational advantage over 
more complex approaches. Prediction is a straightforward function of 
multivariate distance, and while large-area prediction does require 
substantial parallel processing, the absence of iterative tuning and/or 
ensemble decision-making makes global processing less intensive than 
some other machine learning tools.

2.1.1. Response variables of GEDI L4D
MSN is particularly advantageous when the response is multivariate 

and the objective is to preserve not only each variable's marginal dis
tribution but also the covariance and correlation structure among vari
ables, given a large and representative reference dataset (Eskelson et al., 
2009). In the GEDI L4D product, the set of outputs taken directly from 
the nearest neighbor includes GEDI waveforms (RH metrics) along with 
associated estimates of canopy cover and aboveground biomass density. 
Similar to using larger k in k-NN, fitting generalized predictive models to 
multivariate responses can disrupt the observed covariance structure, 
especially when atypical but ecologically important values are smoothed 
or poorly represented. MSN avoids this by transferring a complete set of 
jointly observed attributes from a single nearest-neighbor waveform at 
the expense of potentially noisier predictions.

2.1.2. Environmental covariates
Under the k-NN assumption in which observations with similar 

covariates are expected to have similar response values, it is essential to 
define the input feature space to be informative for the response vari
able. For the GEDI L4D product, which provides continuous 30-m pre
dictions of GEDI L2A waveform relative height (RH) metrics, L2B 
canopy cover, and L4A AGBD, we used Landsat time-series data derived 
from Continuous Change Detection and Classification (CCDC; Zhu and 
Woodcock, 2014; Zhu et al., 2015; Gorelick et al., 2023) as environ
mental covariates. CCDC fits harmonic functions to multi-year Landsat 
observations, enabling the generation of synthetic reflectance values for 
any timestamp. To characterize land surface properties and compute 
similarity between locations for predicting GEDI data, we used synthetic 
Landsat reflectance bands (blue, green, red, near-infrared, and two 
shortwave infrared channels; Zhu et al., 2015) from two phenologically 
important dates: (1) “greenup,” marking the start of the growing season, 

Fig. 1. The leftmost figure displays the waveforms collected by GEDI within a 10 × 10-km tile in Olympic National Park, Washington State, USA, while the remaining 
figures show imputed waveforms generated using different values of k (e.g., the number of nearest neighbors). This area was chosen for illustration purposes because 
of its large range of canopy heights.

Table 1 
L4D (MSN), a k-NN model variant (10-NN), and other global canopy-height maps evaluated in this study.

L4D (MSN) 10-NN Potapov et al., 2021 Lang et al., 2023 Tolan et al., 2024

Approach k-nearest neighbor (k = 1) k-nearest neighbor 
(k = 10)

Ensembles of bagged 
regression trees

Ensembles of convolutional 
neural networks

Self-supervised learning and 
convolutional neural networks

Input data CCDC CCDC Landsat analysis-ready Sentinel-2 imagery Maxar imagery
Referenced GEDI 

data All RH metrics All RH metrics RH95 RH98 RH95

Output resolution 30 m 30 m 30 m 10 m 1 m
Target year 2023 No map 2019 2020 2017–2020
Target evaluation 

metrics
RMSE, IDR, KS test, 
Covariance/correlation

Covariance/ 
correlation

RMSE, IDR, KS test RMSE, IDR, KS test RMSE, IDR, KS test
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and (2) “peak,” representing maximum greenness. Both dates were 
identified on a 10 km tile basis using Moderate Resolution Imaging 
Spectroradiometer (MODIS) phenology (Zhang, 2024). In addition to 
the 12 synthetic Landsat bands, we included the SRTM-derived 
Continuous Heat-Insolation Load Index (CHILI; Theobald et al., 2015) 
to capture physiographic variation. In total, 13 environmental cova
riates were extracted for each high-quality GEDI waveform at its loca
tion and year, and for all prediction locations globally in the year 2023 
to generate GEDI L4D outputs. The covariates were standardized as a 
preprocessing step using standard scaling.

2.1.3. Distance metric
Among several distance metrics available for calculating similarity in 

the feature space, we selected the Bray–Curtis metric, implemented in 
Python's SciPy library, based on preliminary evaluations of mean re
sidual error across representative regions with different vegetation 
types. The Bray–Curtis metric achieved lower mean residual error than 
the other distance metrics across the tested regions, while showing KS 
test performance similar to that of the other metrics. Unlike the 
Bray–Curtis formulation often used for species-composition counts (Bray 
and Curtis, 1957), the SciPy implementation is applicable to any real- 
valued data. It expresses the L1 (Manhattan) distance, which is the ab
solute difference across all dimensions, as a proportion of the total 
magnitude by dividing the sum of absolute differences by the sum of 
absolute values, yielding a relative measure of dissimilarity: 

dbc(X,Y) =

∑m

i=1

⃒
⃒
⃒
⃒xi − yi

⃒
⃒
⃒
⃒

∑m

i=1
|xi| +

⃒
⃒
⃒
⃒yi

⃒
⃒
⃒
⃒

(1) 

where X and Y are the feature vectors of two locations, and m is the 
number of feature dimensions. The Bray–Curtis distance is bounded 
between 0 (identical) and 1 (completely dissimilar).

2.1.4. Spatial domain of the MSN model
An MSN model was applied to each 10 km × 10 km tile globally, 

defined using the EASE-Grid 2.0 projection, to generate the global GEDI 
L4D product. The choice of tile size was based on two considerations: (1) 

prior study by Healey et al. (2020), which suggested that highly local 
models produce less bias at the low and high ends of forest structures, 
and 2) the need to ensure sufficient high-quality GEDI data for impu
tation. To impute 30 m GEDI data within a focal tile, the MSN model 
used observed GEDI shots not only from the focal tile but also from its 
eight adjacent tiles, thereby alleviating visible discontinuities along tile 
boundaries. The average number of high-quality shots across all 10-km 
modeling tiles was 7787. By default, all eight adjacent tiles were 
included; however, when the number of observed data points was 
insufficient, the reference domain was incrementally expanded until at 
least 2500 GEDI shots were available. Some isolated islands for which 
sufficient high-quality shots could not be obtained even from sur
rounding areas were excluded from GEDI L4D data production.

2.2. Evaluation methods

A central objective here is to assess, for GEDI L4D and other products, 
how closely the distribution of mapped values reflects the distribution of 
the data observed by GEDI. Specifically, RMSE was augmented by four 
population-level error metrics, which are described in the following 
subsections.

2.2.1. Root mean square error (RMSE)
RMSE is a commonly used metric for evaluating prediction quality 

(Bishop, 2006). RMSE is computed from residuals—the difference be
tween predicted and observed values for each sample—and measures 
the average magnitude of prediction error. For the GEDI L4D applica
tion, RMSE can be applied to any predicted variable, including RH 
metrics, canopy cover, and AGBD. For example, RMSE for a given RH 
metric within a focal 10-km tile is defined as: 

RMSERHx =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(RHxi

pred − RHxi
obs)

2

√

(2) 

where RHxi
pred is the predicted RHx metric for the i-th sample, RHxi

obs is 
the corresponding observed value, and n is the total number of valida
tion samples within the focal tile.

Table 2 
Validation design by each evaluation metric.

MSN 10-NN External maps Notes

RMSE 20% reference waveforms 
(04/2022–03/2023)

NA

20% reference waveforms 
Potapov et al. & Tolan et al. 
(04/2019–03/2020) 
Lang et al. (01/2020–12/2020)

Evaluated for 10-km illustration 
tile and globally for 10-km tiles 
with at least 50% forest coverage 
(ESA map)

IDR

(10-km illustration tile) IDR over training 
waveforms vs IDR over 20% reference 
waveforms  

(global) Mapped IDR over forest areas vs 
distribution of training forest waveforms

NA

(10-km illustration tile) IDR 
over training waveforms vs IDR 
over 20% reference waveforms  

(global) Mapped IDR over 
forest areas vs distribution of 
training forest waveforms

Evaluated for 10-km illustration 
tile and globally for 10-km tiles 
with at least 50% forest coverage 
(ESA map)

KS

Distribution of reference waveform heights 
vs distribution of predictions at the same 
locations 
(04/2022–03/2023)

NA

Distribution of reference 
waveform heights vs 
distribution of predictions at 
the same locations 
Potapov et al. & Tolan et al. 
(04/2019–03/2020) 
Lang et al. (01/2020–12/2020)

Evaluated for 10-km illustration 
tile and globally for 10-km tiles 
with at least 50% forest coverage 
(ESA map)

Covariance

Covariance among RH metrics in the 
reference dataset vs. covariance across the 
waveforms imputed for the locations of the 
reference dataset

Covariance among RH metrics in the 
reference dataset vs. covariance across the 
waveforms imputed for the locations of the 
reference dataset

NA (single variable)
Evaluated for the entire Amazon 
ecosystem

Correlation

Correlation between RH98 and biomass in 
the reference dataset vs. correlation across 
the waveforms imputed for the locations of 
the reference dataset

Correlation between RH98 and biomass in 
the reference dataset vs. correlation across 
the waveforms imputed for the locations of 
the reference dataset

NA (single variable)
Evaluated globally for 10-km tiles 
with at least 50% forest coverage 
(ESA map)
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2.2.2. Inter-decile range (IDR)
To quantify variability from low to high height values, IDR was used 

to measure the spread (m) between the 10th and 90th percentile heights 
within an area of interest: 

IDR = P90 − P10 (3) 

where P90 is the value at the 90th percentile of the data group and P10is 
the value at the 10th percentile. Lower values indicate clustering of 
heights near the mean. The difference between the predicted and 
observed (from independent nearby GEDI waveforms) IDR values was 
used to assess similarity in distributional characteristics: 

IDRdiff = IDRpred − IDRobs (4) 

A negative IDRdiff indicates that the canopy height predictions are 
more tightly clustered than GEDI's top-of-canopy height measurements. 
In contrast, a positive IDR suggests that predictions are more widely 
dispersed than the observations. An IDRdiff value close to zero does not 
guarantee that the two distributions are identical, as two distributions 
may share the same IDR yet differ if one is shifted relative to the other. 
To account for this, we also examine the difference in median values (i. 
e., 50th percentile, P50) as a complementary measure: 

P50diff = P50
pred − P50

obs (5) 

2.2.3. Kolmogorov–Smirnov test (KS test)
To further evaluate the similarity between predicted and observed 

distributions, the classical Kolmogorov–Smirnov (KS) test was applied. 
The KS test is based on empirical cumulative distribution functions 
(CDFs) and provides two key values: the KS statistic (D) and the p-value 
(p). The statistic measures the maximum vertical distance between the 
two CDFs. For example, the KS statistic for predicted and observed RHx 
distributions within a 10-km tile is defined as: 

D = max
x=RHx

∣Fpred(x) − Fobs(x)∣ (6) 

where Fpred(x) and Fobs(x) are the empirical CDFs of the predicted and 
observed RHx values, respectively. A smaller D indicates closer agree
ment between the distributions, whereas a larger D suggests greater 
divergence.

The associated p-value is then used to test the null hypothesis that 
the two samples are drawn from the same underlying distribution. The 

p-value reflects how likely it is to observe a difference as large as the one 
measured if the predicted and observed distributions were actually 
identical. A smaller p-value indicates that such a difference is unlikely to 
occur by chance, suggesting a significant difference between the distri
butions. In this study, a significance level (α) of 0.05 was used, meaning 
that cases with p < 0.05 are considered statistically different, whereas 
cases with p ≥ 0.05 indicate no significant difference. The KS statistics 
and corresponding p-values were obtained using the two-sample KS test 
implemented in the SciPy (Python) statistical library.

2.2.4. Covariance and correlation
A distinguishing feature of the GEDI L4D product is its ability to 

represent forest vertical structure through coherent series of RH (rela
tive height) metrics drawn from a nearby high-quality GEDI shot. To 
evaluate the assumption that MSN conserves important covariances 
among multiple imputed variables, we tracked predicted and observed 
(via independent GEDI data not included as “neighbors”) covariances 
among all RH variables across the entire Amazonian forests (Wagner 
et al., 2025). This comparison was limited to a single ecosystem, albeit 
a large one, so that covariance patterns would not be disrupted by sharp 
ecological boundaries. Fig. 1 illustrates how GEDI waveforms predicted 
by the two k-NN algorithms, MSN and 10-NN, differed from the observed 
waveforms. The figure shows that the shape of the predicted waveforms, 
and consequently their covariance, can differ substantially from those 
derived from the direct GEDI observations.

The covariance between two RH metrics, RHi and RHj, is computed 
as: 

COV
(
RHi,RHj

)
=

1
N − 1

∑N

k=1

(
RHk,i − RHi

)(
RHk,j − RHj

)
(7) 

where N is the total number of samples, RHk,i and RHk,j are the RH values 
of the k-th sample for metrics i and j, and RHi and RHj are their 
respective means. We then compare the covariance matrices derived 
from observed and predicted RH metrics to evaluate whether the 
covariance structure is maintained.

We also evaluated whether the correlation between AGBD and RH98 
represented in the GEDI product was preserved across MSN and 10-NN. 
We selected RH98 because it is a primary determinant of AGBD (Kellner 
et al., 2023). To reduce the influence of noise and outliers, we employed 
the Spearman rank correlation: 

Fig. 2. A 10 km × 10 km tile in Olympic National Park, Washington State, USA, showing all quality-filtered GEDI shots. Colors represent the RH98 values (m) of 
the shots.
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Fig. 3. Density plots comparing observed GEDI RH98 values with predictions from MSN and three global canopy height products in the illustrative study area in 
Washington. For each product, the selected RH metric corresponds to the reference metric used in that study. The diagonal line denotes the 1:1 relationship, and 
RMSE values (m) are shown for each method. MSN shows higher RMSE than most other products, but its predictions are less compressed toward the mean.

Fig. 4. Large-scale views of two 30 m resolution maps for the study area: L4D generated using MSN (left) and the map from Potapov et al. (right). The MSN-based 
map shows granular spatial artifacts at the local scale while better preserving both tall and short canopy heights, whereas the Potapov et al. map exhibits more spatial 
coherence but a compressed range of estimates.
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ρ =
cov(R(RH98) ,R(AGBD) )

σR(RH98)σR(AGBD)
(8) 

where R(x) denotes the rank-transformed values of the variable x, and σ 
represents the standard deviation of the ranks. This statistic was derived 
at the 10-km tile level, globally, and compared to the correlation 
observed over the validation set of waveforms. The difference in the 
AGBD–RH98 correlation was computed as the predicted correlation 
minus the observed correlation: 

ρdiff = ρpred − ρobs (9) 

2.3. Evaluation design and comparison framework

Our validation activities focused on 10 km tiles with at least 50% 
forest coverage, as identified by the European Space Agency (ESA) 
WorldCover 10 m 2021 product (Zanaga et al., 2022), and at least 100 
validation waveforms. Under these criteria, approximately 30% of 
1,085,943 L4D tiles remained for evaluation. The evaluation scores were 
computed separately for each tile using a randomly selected 20% of the 
reference GEDI shots within each tile as a validation set. This tile- 
specific validation set was used only to evaluate performance because 
MSN has no parameters to tune. We did not use the entire 20% hold-out 
dataset for calculation of RMSE and KS statistics; each map represents 
only a single year, and disturbances and growth throughout the GEDI 
period of operation may compromise evaluation of conditions in a single 
year. Instead, we matched each map to the appropriate RH value 
(Table 1) measured in the subset of validation shots measured for the tile 
during the one-year period closest to the target year of each map 
(Table 2). Across global forested tiles, matching validation shots only in 
the nearest year left a mean of 400–480 shots per 10 km tile. For 
products with spatial resolutions finer than the GEDI footprint 
(approximately 25 m), we used the maximum value within a 30-m buffer 
around each GEDI shot to better represent local top-canopy height.

Table 3 
RMSE values reported in each study.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

8.5 m 6.0 m 6.6 m n/a

Table 4 
The mean RMSE values and standard deviations calculated on our forest-tile 
validation set.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

8.4 ± 3.1 m 8.2 ± 2.6 m 7.3 ± 2.6 m 7.7 ± 3.6 m

Fig. 5. Distribution of RMSE across forest tiles for global canopy height products and the MSN. The mean RMSE values are listed in Table 4.

Fig. 6. RMSE across RH interval bins for Lang et al., MSN, Potapov et al., and Tolan et al. products. The left panel shows RMSE by RH interval, and the right panel 
shows the number of tiles evaluated within each interval. Lang shows lower RMSE at greater canopy heights but higher RMSE at lower canopy heights, consistent 
with overestimation in shorter forests. Potapov et al. and Tolan et al. show lower RMSE at lower canopy heights but higher RMSE at greater canopy heights, likely 
reflecting underestimation in taller forests. MSN shows relatively consistent performance across RH intervals and has the second-lowest RMSE in the tallest intervals, 
behind Lang et al.
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The RMSE and KS results for MSN were derived from entirely inde
pendent waveforms, whereas we recognize that the other maps we 
evaluated likely used some of our validation data for training. This non- 
independence may have positively biased our accuracy measures for 
those products. IDR predictions for each product were derived from the 
mapped predictions made for pixels labeled as forest in the ESA 
WorldCover 10 m 2021 product (Zanaga et al., 2022). The mapped 
representation of MSN was the publicly available GEDI L4D product, 
which was produced using all waveforms, including those in our vali
dation set. Predictions at the locations of the validation waveforms, for 
all map products, were therefore not independent of the waveforms used 
to determine the tile's reference IDR. For fully forested tiles, this non- 
independence affected an average of less than 0.005 of the predictions 
(i.e., about 480 of 110,000 pixels per tile). We mapped the difference 
between the mapped and reference IDR values at qualifying 10 km tiles 
for each of the maps.

Covariance and correlation across mapped variables could only be 
assessed for L4D, as the other products represented only canopy height. 
By way of context, we compared mapped covariance among RH values 
and correlation between biomass and RH98 values associated with the 
L4D MSN map against a nearest-neighbor algorithm using k = 10 that we 
treated as a proxy for algorithms which employ more generalization 

across predictions for the purpose of minimizing the kind of individual 
error that RMSE measures (Fig. 1).

It is noted that the GEDI RH metrics and imputed map used here 
differ slightly from the released GEDI L4D product. Here, RH metrics 
were retrieved from GEDI Release 2 (V002) using the default waveform 
processing algorithm parameter set selected for its performance in 
identifying the ground and canopy. This is the set currently available on 
Google Earth Engine (Healey et al., 2020). The released GEDI L4D 
product was imputed using a different algorithm selection scheme to 
ensure consistency with GEDI L4D AGBD predictions. The only 
discrepancy was that algorithm setting groups 5 and 10 were excluded 
for the Evergreen Broadleaf tree stratum (land_cover_data/pft_class ==

2) in South America (land_cover_data/region_class == 6) (Seo et al., 
2025).

Table 2 summarizes the validation exercises described herein, spec
ifying: the reference dataset; whether or not that reference dataset was 
independent of the model-building process; the sample of the map 
considered; the set of tiles to which the validation exercise was applied; 
and cases where no validation was possible. Prediction distributions 
were evaluated at the level of the 10-km tiles used to build the MSN 
models. Coincidence of the modeling and validation domains for L4D 
presented a potential risk of artificially good agreement for metrics such 

Fig. 7. Comparison of RH98 distributions for predicted and observed GEDI values using MSN and three other global canopy height products over the study area in 
Washington State shown in Fig. 2. For each method, the IDRs of the predicted values and the GEDI observations are shown, along with the corresponding IDR 
differences (IDRdiff ) and median difference (P50diff ). Negative IDRdiff values (meters) indicate that the predicted distribution is narrower than the observed one. 
Negative P50diff values indicate systematic underestimation of height, whereas positive values denote overestimation.
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as IDR – a risk not present for the existing maps. A global evaluation of 
L4D IDR against GEDI waveform IDR at multiple scales and on grids 
offset from the modeling tile system found that estimates of IDRdiff were 
robust against these concerns (Appendix A: L4D IDR difference across 
scales for a subset of tiles). For each error metric, we included an 
illustrative local-scale validation at a tile selected in Olympic National 
Park, Washington State, USA, an area characterized by abundant tall 
trees (Fig. 2). Analysis was then expanded to broader spatial scales, up to 
the global level.

3. Results

3.1. RMSE

3.1.1. RMSE for a 10-km illustration tile
We directly compared the performance of MSN and the other three 

global canopy height maps in predicting GEDI RH98 (or RH95) using the 
20% validation set from the corresponding one-year period. In the 
illustrative tile in Washington, there were 1473 validation shots from 
04/2019–03/2020, 286 available in the 01/2020–12/2020 period, and 
802 available from 04/2022–03/2023. This number varied considerably 
across tiles and years based upon GEDI's sampling variability. MSN 
yielded a relatively higher RMSE for the illustration tile (Fig. 3). The 
range of predictions in the non-MSN products was notably compressed, 
which would minimize large predictive errors and benefit RMSE values. 
For example, the Lang et al. product showed the narrowest range of 
predicted values for this area and achieved the lowest RMSE. Avoidance 
of predictions at the extremes of the reference distribution also smooths 
the appearance of non-MSN maps. MSN maps often exhibit speckle noise 
that occurs when spatial context highlights extreme predictions likely 
made in error (Fig. 4).

3.1.2. RMSE at the global scale
Although published RMSE estimates (Table 3) among maps were 

derived using different GEDI data configurations and validation periods, 
they offer a general perspective on global-scale RMSE performance. 
Published validations generally focused on vegetated samples, and we 
likewise report RMSE for MSN only for tiles classified as forest (using the 
ESA map as described above). Tolan et al. used GEDI samples solely for 
post-processing their predicted canopy height derived from remote 
sensing imagery and airborne lidar and did not report a globally sum
marized RMSE.

The RMSE of MSN RH98 (8.5 m) was substantially greater than RMSEs 
reported for other products. This difference diminished when RMSE was 
evaluated for forest tiles using the methods described above (Table 4). 
Global accuracy of the Tolan et al. product fell between Potapov et al. and 
the other maps. This comparison provided a broadly comparable measure 
of canopy height agreement across a shared set of validation samples. The 
global distribution of RMSE at the 10-km tile level is shown in Fig. 5. We 
also summarized RMSE across specific tree-height intervals globally 
(Fig. 6), similar to the analysis conducted for forested regions in China by 
Chen et al. (2025), and found that accuracy varied differentially by 
product across trees of different heights. The products of Potapov et al. 
and Tolan et al. had lower errors than the other products for short trees, 
for example, those below 20 m, whereas Lang et al. had the lowest errors 
for tall trees above 30 m, with MSN exhibiting the second-lowest errors 
from 40 m onward. Additional RMSE results by continent and plant 
functional type (PFT) are provided in Appendix Table A1.

3.2. IDR difference

3.2.1. IDR difference for a 10-km illustration tile
As defined in Section 2.2.2, IDR provides a measure of distributional 

Fig. 8. Degree to which the predicted RH98 (or RH95) height range in each global product is higher (blue) or lower (red) than the range measured from GEDI shots 
within each 10 × 10 km forest tile. The color bar is capped at − 10 and 10 m. (For interpretation of the references to color in this figure legend, the reader is referred 
to the web version of this article.)

E. Seo et al.                                                                                                                                                                                                                                      Remote Sensing of Environment 345 (2026) 115591 

9 



spread. Here, we compared the IDR of predicted and observed RH98 
values using the results from MSN and three other global canopy height 
products. Fig. 7 illustrates the distribution of their predictions relative to 
the validation data, along with the corresponding IDRdiff and P50diff 
values. The distribution of MSN predictions closely matches that of the 
GEDI observations, whereas the other products are compressed toward 
the center, failing to reflect the full range of the observed values. 
Furthermore, the Tolan et al. and Potapov et al. estimates tended to 
underestimate canopy height in this tile, while the Lang et al. map ex
hibits systematic overprediction.

3.2.2. IDR difference at the global scale
We extended the IDR evaluation to the global scale. Deviations be

tween GEDI-sampled and mapped IDR values were mapped globally 
across all forest tiles between latitudes − 51.6◦ and 51.6◦ (Fig. 8). Values 
near zero indicate strong concordance with the GEDI-based range; 
negative values (red) indicate a compressed spread, whereas positive 
values (blue) reflect a mapped distribution broader than the one 
measured by GEDI. Across the mapped domain, the L4D product 
generated using MSN exhibits the closest alignment with the GEDI- 
derived IDR, while the other products tend to produce much narrower 
ranges, particularly in forests dominated by tall trees.

Because similar IDR values do not necessarily imply similar 
distributions—especially when distributions are shifted—we addition
ally evaluated the median difference (Fig. 9). The median value mapped 
by Lang et al. shows pronounced overestimation across most forest tiles, 
whereas Tolan et al. was generally below the median observed at the 
reference GEDI shots. Potapov et al. displays a mixture of over- and 
underestimation globally, and L4D shows little systematic bias.

Results for these population-level metrics, stratified by geographic 
region and PFT, are provided in Appendix Tables A.2 and A.3.

3.3. KS test

3.3.1. KS test for a 10-km illustration tile
Progressing from the IDR, which relies on two specific quantiles of 

the distribution (the 10th and 90th), we also performed the classical 
two-sample KS test to compare the full distributions using their CDFs. 
Fig. 10 shows the CDFs of the GEDI data alongside the predictions from 
MSN and other products, together with the corresponding KS statistics 
and p-values. The MSN estimates align closely with the GEDI distribu
tion, as evidenced by a small KS statistic and a high p-value. By com
parison, the other global canopy-height maps display a significant 
departure from the GEDI distribution, reflected in a larger KS statistic 
and a near-zero p-value.

3.3.2. KS test at the global scale
We also applied the KS test to each global product using our forest- 

tile validation data from the corresponding one-year period. Table 5
summarizes the results by reporting the percentage of tiles rejected at 
the 0.05 significance level—that is, the proportion of tiles whose pre
dicted distributions are statistically distinguishable from the GEDI dis
tribution. All approaches except MSN yielded predictions that deviated 
from the GEDI distribution in most cases, and this pattern was also 
observed when the results were stratified by geographic region and PFT 
(Appendix Table A4).

3.4. Covariance among RH metrics across the Amazon

A distinguishing feature of GEDI L4D, compared to existing map 
products, is that it provides multi-dimensional imputed waveforms rather 
than only canopy top height estimates. When k = 1 (i.e., imputing the most 
similar neighbor), nearest neighbor models are expected to approximately 

Fig. 9. Amount (meters) by which predicted median RH98 (or RH95) height in each global product is higher (blue) or lower (red) than the median measured from 
GEDI shots within each 10 × 10 km forest tile. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)
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retain the covariance structure among imputed variables (Eskelson et al., 
2009). Fig. 11 affirms this effect when covariance was measured among 
RH values across the Amazon Basin. For the sake of comparison, an 
imputation algorithm using 10 neighbors was tested as a proxy for algo
rithms producing more generalized predictions at the expense of some 
homogenization around a mean. Covariances among RH values of all 
levels, especially those near the top of the canopy, were reduced in the 10- 
NN map relative to the relationships observed in the validation set across 
the region. This finding aligns with the reduced waveform variability 
observed in the example tile in Washington State (Fig. 1).

3.5. Global correlation between RH98 and AGBD

Lastly, we examine how the RH98-AGBD relationship observed in 
the GEDI data compares with that produced by the two k-NN approaches 

at the global scale (Fig. 12). As with the IDR-difference maps (Fig. 8), 
values close to 0 indicate little difference relative to the GEDI-derived 
correlation. Negative values (red) denote that the predicted correla
tion is lower than the observed one, whereas positive values (blue) 
indicate an inflated correlation. Across much of the domain, the 10-NN 
predictions of biomass and canopy height exhibited higher correlation 
than that measured by GEDI at the footprint level. In contrast, MSN 
showed minimal difference in the RH98-AGBD correlation overall, with 
the exception of certain regions (e.g., south of the Amazon) where the 
mission applied multiple GEDI L4A AGBD models within the same 10- 
km tiles. Results stratified by continental region and PFT are pre
sented in Appendix Table A5.

4. Discussion

4.1. Tradeoffs among current canopy height maps

The results highlight the differing strengths and limitations of 
currently available global forest structure maps, underscoring the 
importance of aligning map selection with specific scientific objectives. 
Signal saturation is common with optical and SAR sensors, whose 
sensitivity to canopy structure diminishes in tall, dense forests (Healey 
et al., 2020; Potapov et al., 2021). Canopy height maps generated 

Fig. 10. Comparison of CDFs for predicted and observed GEDI RH98 values using MSN and three global canopy-height products. KS statistics and p-values from the 
two-sample KS test are reported in each panel. MSN shows a close match to the empirical distribution, whereas the three other maps exhibit marked deviation. 
Distributions reflect map values in the case study area in Washington.

Table 5 
Proportion of tiles whose predicted distributions differ statistically from the 
GEDI observations.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

26.12% 99.68% 98.24% 97.06%
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using approaches that minimize mean residual error typically achieve 
lower RMSE but systematically distort the underlying canopy height 
distribution, often biasing predictions toward mean values and attenu
ating extremes. As a result, fine-scale variability and structural 
heterogeneity—key characteristics of forest canopies—may be under
represented. In contrast, the canopy height map derived from GEDI L4D 
prioritizes preservation of the empirical height distribution observed in 
GEDI measurements. By design, this approach more faithfully re
produces realistic canopy structural heterogeneity across landscapes, 
albeit at the cost of reduced per-pixel (or point-level) precision. A further 
limitation is that MSN approaches can yield pronounced local discon
tinuity (e.g., abrupt pixel-to-pixel changes) when that value is spatially 
misallocated. In practice, L4D maps often display speckle artifacts at the 
local level, as spatial context highlights occasional large prediction er
rors. While low-pass filtering may minimize this effect, the impact of 
such post-processing on measures of variability such as IDR is currently 
unknown.

When highly accurate estimates at fine spatial resolution are 
required, or when the goal is to recover generalized spatial patterns with 
smoother, more spatially coherent structure, canopy height maps opti
mized for minimizing mean error may be most appropriate. For 
example, tree or forest segmentation tasks (Gibril et al., 2023; Ball et al., 
2023) are likely to benefit from products such as Tolan's, which are less 
likely than GEDI L4D to disrupt patch integrity with a large error in 
predicted height. The same dynamic is likely in applications related to 

fine-scale species distribution models (Burns et al., 2020; Betts et al., 
2022; Denan et al., 2023) or in mapping landscape-scale features that 
emphasize connectivity.

However, the homogenization we document here of tree heights in 
previous global maps (at least with respect to the distributions measured 
by GEDI) can severely compromise decision support in many other 
practical applications. For instance, prediction of fire spread and effects 
over intermediate scales benefits from a realistic depiction of height 
variation (Agee, 1996; Conard and Hilbruner, 2003); overly uniform 
representations of forest height may degrade our ability to assess fire 
risk and predict fire effects. Likewise, forest structural diversity is a 
strong predictor of the biodiversity of animals using the forest (Goetz 
et al., 2007) and multi-scale tree height variability is often related to 
the presence of individual species (Shirley et al., 2013; Huang et al., 
2014; Ducci et al., 2015; Burns et al., 2020; Seo et al., 2021; 
Chiaverini et al., 2023; Gerstner et al., 2024; Moudrý et al., 2024). Maps 
that fail to adequately represent the range of tree heights may therefore 
lead to underestimation of animal biodiversity and mistaken expecta
tions about which areas are vital for conservation. Lastly, maps that 
distort the range of tree sizes within a woodshed may introduce errors in 
GIS-based analysis to support the timber processing industry. Specif
ically, better matching of mapped procurement demand (Anderson 
et al., 2011) with the distribution of tree sizes across woodsheds of 
various sizes may lead to better scoping of transportation costs and 
future product classes. In the context of these latter applications, the 

Fig. 11. Covariance matrices of RH metrics derived from observed GEDI shots within the Amazon Forest (left), MSN predictions (middle), and 10-NN predictions 
(right). The color bar is capped at the 5th and 95th percentiles. The MSN output closely reproduces the covariance structure present in the observations shown in the 
left panel, whereas the 10-NN predictions yield a diminished covariance pattern.

Fig. 12. Degree to which the predicted RH98-AGBD Spearman correlation is higher (blue) or lower (red) than the correlation measured from GEDI shots within each 
10 × 10 km forest tile under both MSN and 10-NN imputation. The color bar is capped at − 0.1 and 0.1. (For interpretation of the references to color in this figure 
legend, the reader is referred to the web version of this article.)
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distributional accuracy we document for the L4D product provides a 
concrete benefit over products optimized only for minimization of 
RMSE.

4.2. Reconciliation with model-based inference

The GEDI mission was designed to accommodate model-based 
inference (Dubayah et al., 2022a). Under that paradigm, population 
units are considered to be random variables, and the uncertainty of in
ferences such as the local mean biomass specified in the GEDI L4B 
product is drawn from properties of the models that GEDI enables 
(Dubayah et al., 2022b). Fitting of the mission's biomass models 
accordingly preserves information that allows covariance of prediction 
errors to be propagated across areas of interest to support this mode of 
inference (Kellner et al., 2023). Linear models may be accommodated in 
this process through analytical expressions of covariance (Patterson 
et al., 2019), and machine learning may also be accommodated 
through bootstrapping approaches that involve either resampling the 
model-fitting data or varying the individual model-building points 
through manipulations related to observed residuals (Saarela et al., 
2025).

Since the L4D imputed waveform maps are GEDI mission products, it 
is of interest to explore how they correspond to the model-based para
digm. Nearest neighbor models have been used in a variety of model- 
based applications, including through a process where multiple maps 
were built by resampling the model-building “neighbors” with 
replacement (McRoberts, 2012), and another where alternative maps 
were produced using synthetic “neighbors” that were iteratively simu
lated using covariances among dependent and independent variables 
evident in the model-building data (Ene et al., 2013). If future versions 
of L4D were to include support for model-based estimation, similar 
methods might be used to distribute alternative imputations capable of 
supporting representation of the covarying effects of model error. Such a 
product might efficiently take the form of a list of imputed shot numbers, 
indexed by bootstrap, for each pixel. Any subsequent applications (for 
instance, to predict species distribution from imputed waveforms) 
would require additional bootstrapping (e.g., Saarela et al., 2025) to 
leverage the alternative imputations into model-based variance esti
mates for the population of interest.

4.3. Toward multi-objective canopy height models

As illustrated, no single approach or data product achieves optimal 
performance across all dimensions of forest structure map quality. 
However, hybrid approaches may help alleviate apparent tradeoffs be
tween RMSE and distributional error. In particular, optimization 
frameworks that explicitly balance multiple objectives offer a promising 
direction for future research. A wide range of tradeoffs has been studied 
in mathematics and machine learning, including bias–variance (Geman 
et al., 1992), accuracy–model complexity (Tibshirani, 1996), pre
cision–recall (Powers, 2011), accuracy–fairness (Agarwal et al., 2018), 
performance–computational cost (Tan et al., 2019), and explor
ation–exploitation (Sutton and Barto, 2018). These challenges are 
commonly addressed through approaches such as scalarization, Pareto 
optimization (Miettinen, 1999; Deb, 2001), constraint-based optimiza
tion (Boyd and Vandenberghe, 2004), and multi-task or multi-head 
learning (Caruana, 1997). Most existing methods, however, primarily 
emphasize point-wise optimization for computational efficiency, mak
ing it non-trivial to integrate per-sample accuracy with richer 
population-level characteristics beyond simple summary statistics (e.g., 
the mean).

Vision transformer algorithms (Dosovitskiy et al., 2021) may also 
hold promise for mitigating the speckle error obvious in MSN maps 

(Fig. 4), either through establishment of objectives related to prediction 
coherence or more simply through reformulation of input features to 
include multi-scalar information. Developing alternative modeling 
frameworks that better reconcile these perspectives therefore represents 
a worthwhile avenue for advancing large-scale forest structure mapping 
using dense GEDI observations.

5. Conclusion

NASA's GEDI instrument was conceived as a sampling tool, providing 
dense coverage of the range of conditions that occur within Earth's 
forests (Dubayah et al., 2022a). This paper shows that choice of 
modeling strategy in using GEDI to calibrate wall-to-wall forest structure 
maps has implications for the dimensions in which those maps are ac
curate. Existing global canopy height maps minimize pixel-level errors, 
but they do so while clustering predictions around a mean value. The 
GEDI L4D Imputed Waveform product represents a design decision that 
sacrifices precision to achieve predictions that much better match GEDI's 
population-level measurements. The result is better characterization of 
the variability, range, and distribution of canopy heights. The emerging 
potential of global satellite laser altimetry for quantifying population- 
level errors may catalyze development of model objective functions 
that reconcile map strengths with application needs.
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Appendix A. IDR difference at different domain scales

The main analysis was conducted at the 10-km tile scale used for L4D modeling and mapping. To assess the sensitivity of the distributional 
agreement between the L4D map and GEDI observation to domain size, we examined how the L4D-GEDI IDR difference varies with spatial scale 
beyond 10 km using 100 randomly selected forest locations (Fig. A.1a). Fig. A.1b summarizes IDR difference across the tested scales, which remain 
generally low throughout.

Fig. A.1. Sensitivity of L4D-GEDI IDR difference to domain (buffer) size. (a) One hundred randomly selected locations with at least 1000 forest pixels within the 10- 
km buffer and few missing GEDI L4D pixels. (b) Distribution of IDR difference between imputed RH98 values from the GEDI L4D map and the corresponding high- 
quality GEDI observations within each buffer boundary. The violins show the distributions; the box plots show the median and interquartile range (IQR; Q1-Q3); 
whiskers indicate the non-outlier range; and dots represent individual samples beyond the whiskers.
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Table A1 
RMSE for the validation set, summarized by continent and by PFT type. Values in each cell are ordered as MSN, Lang et al., Potapov 
et al., and Tolan et al. Generally, Potapov et al. and Tolan et al. produced lower RMSE across continents and PFT types.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

Europe 7.9 ± 2.3 7.2 ± 1.6 7.3 ± 2.0 7.0 ± 2.6
N. Asia 7.7 ± 2.8 8.1 ± 2.3 7.4 ± 2.9 8.0 ± 3.8
Australasia 7.8 ± 3.9 8.7 ± 3.2 6.5 ± 2.9 7.2 ± 3.8
Africa 8.3 ± 3.3 8.1 ± 3.0 6.7 ± 2.5 6.9 ± 2.9
S. Asia 9.9 ± 2.7 8.5 ± 2.1 8.8 ± 2.8 10.2 ± 4.1
S. America 8.7 ± 2.8 8.6 ± 2.9 7.4 ± 2.2 7.8 ± 3.4
N. America 7.1 ± 2.9 7.5 ± 2.3 6.4 ± 2.4 6.3 ± 2.8

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

ENT 7.4 ± 3.1 7.6 ± 2.4 6.8 ± 3.0 7.2 ± 3.6
EBT 9.4 ± 2.8 8.8 ± 2.7 7.8 ± 2.5 8.5 ± 3.7
DNT 6.3 ± 1.2 6.8 ± 1.8 5.7 ± 1.3 5.9 ± 1.6
DBT 7.3 ± 2.5 7.3 ± 2.2 6.6 ± 2.1 6.4 ± 2.7
Mixed Forests 3.3 ± 1.3 5.7 ± 1.3 4.1 ± 1.1 3.5 ± 1.2
Closed Shrublands 4.9 ± 2.0 6.7 ± 1.9 5.1 ± 2.2 5.0 ± 2.2
Open Shrublands 6.0 ± 1.7 6.9 ± 1.5 5.6 ± 1.3 5.3 ± 1.5
Woody Savannas 5.4 ± 1.8 6.4 ± 1.6 5.3 ± 1.5 4.8 ± 1.4
Savannas 8.5 ± 1.9 8.8 ± 1.9 7.4 ± 1.5 6.8 ± 1.5

Table A2 
IDR-diff summarized by continent and PFT type. Values in each cell are ordered as MSN, Lang et al., Potapov et al., and Tolan et al. 
Negative values indicate that the predicted RH98 or RH95 height range is lower than the GEDI-observed range within each 10 ×
10 km forest tile, while positive values indicate that the predicted range is higher. All products except MSN showed a narrower 
range than the actual range (i.e., negative value) across almost all continental regions and PFT types.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

Europe 1.8 ± 1.5 − 8.0 ± 4.2 − 2.6 ± 4.3 − 3.4 ± 3.9
N. Asia 1.5 ± 2.0 − 7.0 ± 6.3 − 4.9 ± 5.1 − 3.0 ± 4.3
Australasia 1.6 ± 2.0 − 4.9 ± 7.6 − 5.4 ± 6.8 − 3.4 ± 6.1
Africa 1.0 ± 1.7 − 6.5 ± 6.9 − 7.1 ± 5.8 − 4.1 ± 5.6
S. Asia 1.7 ± 2.1 − 9.5 ± 5.5 − 7.6 ± 5.3 − 4.3 ± 5.3
S. America 1.2 ± 1.9 − 8.7 ± 6.0 − 8.0 ± 6.4 − 3.9 ± 6.0
N. America 1.6 ± 1.7 − 7.2 ± 5.2 − 3.0 ± 4.1 − 3.4 ± 3.9

MSN at RH98 Lang et al. at RH98 Potapov et al. at RH95 Tolan et al. at RH95

ENT 1.4 ± 1.4 − 7.3 ± 4.7 − 4.2 ± 4.3 − 3.3 ± 4.2
EBT 1.4 ± 2.0 − 9.1 ± 5.7 − 8.0 ± 6.2 − 4.5 ± 5.8
DNT 1.0 ± 1.6 − 5.4 ± 4.7 − 5.3 ± 3.5 − 1.7 ± 3.0
DBT 1.5 ± 2.0 − 6.1 ± 6.5 − 3.8 ± 4.3 − 3.1 ± 4.0
Mixed Forests 1.0 ± 1.0 1.7 ± 4.4 ¡0.7 ± 2.8 1.5 ± 2.7
Closed Shrublands 1.3 ± 1.7 − 0.7 ± 6.2 − 1.4 ± 3.7 ¡0.3 ± 3.5
Open Shrublands 2.0 ± 2.0 − 6.3 ± 5.9 ¡1.3 ± 3.9 − 2.5 ± 4.1
Woody Savannas 1.9 ± 2.2 − 3.2 ± 5.8 − 1.8 ± 3.8 ¡1.4 ± 4.0
Savannas 1.9 ± 1.6 − 9.6 ± 4.8 − 2.6 ± 4.1 − 4.0 ± 3.8

Table A3 
Median-diff summarized by continent and PFT type. Values in each cell are ordered as MSN, Lang et al., Potapov et al., and Tolan et al. 
Negative values indicate underestimation of the GEDI-observed RH metric, while positive values indicate overestimation. MSN and 
Potapov et al. has very low bias, while Lang et al. has overestimations across all continental regions and PFT types (except Mixed 
Forests) and Tolan et al. has substantial underestimations across all cases.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

Europe − 0.2 ± 1.4 4.1 ± 2.6 0.0 ± 3.8 − 7.6 ± 63.8
N. Asia 0.2 ± 1.7 4.4 ± 4.8 − 0.9 ± 3.8 − 11.4 ± 75.1
Australasia 0.0 ± 1.6 5.0 ± 6.0 1.1 ± 4.2 − 14.5 ± 104.7
Africa ¡0.4 ± 1.3 4.4 ± 4.6 − 0.4 ± 3.4 − 6.7 ± 67.3
S. Asia ¡0.2 ± 1.6 3.1 ± 3.6 − 3.1 ± 3.7 − 44.3 ± 192.9
S. America ¡0.2 ± 1.5 6.0 ± 3.5 1.9 ± 4.1 − 11.7 ± 97.9

(continued on next page)
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Table A3 (continued )

MSN 
at RH98 

Lang et al. 
at RH98 

Potapov et al. 
at RH95 

Tolan et al. 
at RH95

N. America − 0.3 ± 1.2 4.4 ± 3.4 0.0 ± 2.8 − 8.1 ± 66.9

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

ENT ¡0.4 ± 1.2 4.7 ± 2.8 − 0.8 ± 3.1 − 12.8 ± 87.4
EBT ¡0.2 ± 1.6 5.4 ± 3.8 0.4 ± 4.5 − 19.1 ± 125.0
DNT ¡0.2 ± 1.1 2.5 ± 3.4 − 0.3 ± 2.3 − 4.1 ± 2.7
DBT ¡0.2 ± 1.2 2.9 ± 4.3 − 0.8 ± 3.1 − 8.8 ± 71.1
Mixed Forests 0.2 ± 0.8 − 3.1 ± 4.8 − 2.8 ± 2.6 − 41.2 ± 195.3
Closed Shrublands 0.3 ± 1.5 2.1 ± 6.2 − 0.9 ± 3.1 − 11.7 ± 97.4
Open Shrublands 0.9 ± 2.1 6.2 ± 4.6 1.1 ± 3.8 − 10.6 ± 91.3
Woody Savannas 0.8 ± 2.0 4.1 ± 5.5 ¡0.3 ± 3.6 − 10.7 ± 96.7
Savannas 0.6 ± 2.0 6.9 ± 3.3 0.9 ± 3.5 − 2.1 ± 3.3

Table A4 
Proportion of tiles for which predicted distributions differed significantly from GEDI observations, summarized by continent and 
by PFT type. Values in each cell are ordered as MSN, Lang et al., Potapov et al., and Tolan et al. MSN had substantially fewer tiles 
where the predicted distributions statistically differed from the GEDI distribution compared with all other products, across all 
continental regions and PFT types.

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

Europe 19.7 99.9 99.0 99.1
N. Asia 20.0 99.3 99.1 98.0
Australasia 27.8 99.9 97.4 97.3
Africa 23.9 99.7 96.6 94.0
S. Asia 23.1 99.4 98.1 97.1
S. America 33.6 99.8 98.9 97.5
N. America 22.1 99.9 98.4 97.4

MSN 
at RH98

Lang et al. 
at RH98

Potapov et al. 
at RH95

Tolan et al. 
at RH95

ENT 23.2 99.8 99.0 98.7
EBT 29.2 99.7 97.9 96.6
DNT 12.7 98.8 99.0 94.5
DBT 16.1 99.4 97.9 95.4
Mixed Forests 31.2 100.0 100.0 99.0
Closed Shrublands 23.2 99.9 99.8 99.0
Open Shrublands 24.4 100.0 99.8 99.6
Woody Savannas 23.3 99.8 99.8 99.2
Savannas 17.0 100.0 98.7 98.6

Table A5 
Difference between the predicted and GEDI-observed RH98–AGBD 
Spearman correlations, summarized by continent and PFT type for both 
MSN and 10-NN imputation. Positive values indicate higher predicted 
correlations than those observed in GEDI data, while negative values 
indicate lower predicted correlations. Values in each cell are ordered as 
MSN and 10-NN. Because the mean values are small, standard deviations 
are also reported. MSN closely preserved the GEDI-observed RH98–AGBD 
correlations, whereas 10-NN showed larger variability across all cases.

MSN 10-NN

Europe 0.00 ± 0.02 0.01 ± 0.03
N. Asia 0.00 ± 0.01 0.01 ± 0.02
Australasia 0.00 ± 0.01 0.01 ± 0.02
Africa 0.00 ± 0.02 0.00 ± 0.03
S. Asia 0.00 ± 0.01 0.01 ± 0.02
S. America 0.00 ± 0.03 0.01 ± 0.05
N. America 0.00 ± 0.01 0.01 ± 0.02

(continued on next page)
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Table A5 (continued )

MSN 10-NN

MSN 10-NN

ENT 0.00 ± 0.01 0.01 ± 0.02
EBT 0.00 ± 0.02 0.01 ± 0.04
DNT 0.00 ± 0.01 0.02 ± 0.02
DBT 0.00 ± 0.02 0.00 ± 0.03
Mixed Forests 0.00 ± 0.01 0.01 ± 0.03
Closed Shrublands 0.00 ± 0.02 0.01 ± 0.04
Open Shrublands 0.00 ± 0.02 0.01 ± 0.03
Woody Savannas 0.00 ± 0.02 0.01 ± 0.04
Savannas 0.00 ± 0.01 0.00 ± 0.02

Data availability

I have shared the link to my data at the Attach File step.
ORNL-DAAC
GEDI L4D Imputed Waveforms, Version 2 (Original data), 

https://developers.google. 
com/earth-engine/datasets/catalog/LARSE_GEDI_GEDI04_D_002.
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