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Abstract: Mapping forest canopy height is critical for climate modeling and forest management,
and tropical forests present unique challenges for remote sensing due to their dense vegetation
and complex structure. The advent of ICESat-2 and GEDI, two advanced lidar datasets, offers
new opportunities for improving canopy height estimation. In this study, we used footprint-level
canopy height products from ICESat-2 and GEDI, combined with features extracted from Landsat-8,
PALSAR-2, and FABDEM products. The AutoGluon stacking ensemble learning algorithm was
employed to construct inversion models, generating 30 m resolution continuous canopy height maps
for the tropical forests of Puerto Rico. Accuracy validation was performed using the high-resolution
G-LiHT airborne lidar products. Results show that tropical forest canopy height inversion remains
challenging, with all models yielding relative root mean square errors (rRMSE) exceeding 0.30. The
stacking ensemble model outperformed all base learners, and the GEDI-based map had slightly
higher accuracy than the ICESat-2-based map, with RMSE values of 4.81 and 4.99 m, respectively.
Both models showed systematic biases, but the GEDI-based model exhibited less underestimation
for taller canopies, making it more suitable for biomass estimation. The proposed approach can be
applied to other forest ecosystems, enabling fine-resolution canopy height mapping and enhancing
forest conservation efforts.

Keywords: canopy height; tropical forest; ICESat-2; GEDI; stacking ensemble learning

1. Introduction

Forests play a crucial role in global ecosystems, providing essential services such
as carbon sequestration, soil conservation, and water regulation [1–3]. Forests and other
terrestrial ecosystems absorb approximately 3.5 ± 0.9 billion metric tons of carbon annually,
accounting for about 30% of global carbon emissions from fossil fuels [3]. As climate
change intensifies, forests’ role as carbon sinks has become increasingly important in the
global carbon cycle [4]. Large-scale, continuous forest monitoring is essential to enhance our
understanding of the global carbon cycle and identify critical carbon sinks [5]. This has been
recognized as a key element in international agreements such as the Paris Agreement [6]
and the 2030 Agenda for Sustainable Development [7], which emphasize the need for
dynamic monitoring and quantitative assessment of forest structure parameters.

Canopy height, defined as the distance between the canopy top and the ground surface,
is a key indicator for estimating forest biomass, carbon storage, and productivity [8].
Accurate canopy height mapping is critical for estimating forest biomass and carbon
sequestration potential, which are essential for understanding climate change impacts [9].
Remote sensing techniques, including optical, microwave, and lidar-based approaches,
have been widely applied to map forest canopy height [10–18]. However, optical and
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shorter-wavelength microwave remote sensing methods often face limitations in dense
forests, where signal saturation makes it difficult to accurately estimate canopy height and
biomass [19,20].

Lidar (Light Detection and Ranging) technology has emerged as a unique tool for
canopy height and biomass mapping, as it can penetrate dense canopies and directly
capture accurate forest structure information [21,22]. Unlike optical and SAR sensors,
lidar’s nature allows for precise vertical forest structure measurements, overcoming signal
saturation issues in dense forest environments [23]. While ground-based and airborne
lidar systems provide high-resolution forest monitoring data, their coverage is limited,
particularly in remote or underdeveloped regions. In 2018, NASA launched two spaceborne
lidar missions—ICESat-2 (The Ice, Cloud, and Land Elevation Satellite-2) [24] and GEDI
(Global Ecosystem Dynamics Investigation) [25]—which offer global coverage and enable
large-scale, high-resolution forest structure monitoring, addressing the coverage limitations
of ground-based and airborne lidar systems.

The GEDI mission, mounted on the International Space Station, provides over 10 bil-
lion waveform measurements of forest vertical structure at a 25 m footprint resolution [25].
GEDI’s optimized lidar system offers higher spatial density and vertical sensitivity, making
it well-suited for capturing forest canopy height and aboveground biomass [26]. In contrast,
ICESat-2, primarily designed for monitoring polar ice sheets, employs photon-counting
lidar technology characterized by high repetition frequency, high peak power, narrow pulse
width, and high sensitivity [27]. However, its sensor settings are less optimized for forest
monitoring compared to GEDI [28]. Despite their different design purposes, ICESat-2 and
GEDI provide complementary datasets for canopy height mapping [29]. GEDI focuses
on tropical and temperate regions between 51.6◦N and 51.6◦S, while ICESat-2 extends
coverage up to 88◦N and 88◦S, offering critical data for high-latitude forests beyond GEDI’s
reach [30]. By integrating these lidar datasets with optical and SAR imagery, it is possible to
produce high-resolution, spatially continuous canopy height maps on a global scale [31,32].

Several studies have explored the use of ICESat-2 and GEDI data for global and
national forest canopy height mapping [30–33]. Notably, Potapov et al. [31] combined
GEDI-derived canopy height data with multi-temporal Landsat-8 indices to produce a 30 m
resolution global canopy height map. Similarly, Lang et al. [32] employed a probabilistic
deep learning model, utilizing GEDI and Sentinel-2 data, to generate a global canopy
height map at a finer 10 m resolution. Liu et al. [33] integrated GEDI and ICESat-2 canopy
height estimates with Sentinel-2 spectral features, producing a 30 m resolution canopy
height map specifically for China. Sothe et al. [30] demonstrated the value of combining
GEDI and ICESat-2 data with PALSAR and Sentinel imagery for spatially continuous
mapping of forest canopy height in Canada. These global and national-scale studies
highlight the increasing potential of spaceborne lidar missions to support high-resolution
forest monitoring.

To bridge the insights from previous studies to our specific focus, we target tropical
forests, where the intricate vertical layering and dense canopy make accurate remote sens-
ing inversion challenging [34–36]. First, we provide a comparative assessment of ICESat-2
and GEDI data for canopy height inversion in tropical forests, an area that has not been
extensively explored. Second, by integrating these lidar datasets with multispectral and
SAR imagery, we create a more comprehensive feature set to enhance the accuracy of
canopy height predictions. This integration helps mitigate issues such as signal saturation
and the complexity of vertical forest structures [15]. Lastly, we employ advanced machine
learning techniques, specifically leveraging stacking ensemble models within the Auto-
Gluon framework [37], to optimize predictions and provide a robust assessment of ICESat-2
and GEDI for tropical forest monitoring.

In this study, we aim to generate high-precision, spatially continuous canopy height
maps at a 30 m resolution for tropical forests in Puerto Rico. Our approach leverages the
strengths of ICESat-2 and GEDI data while introducing innovations in feature extraction
and machine learning techniques to improve canopy height predictions. The findings from
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this study have important implications for improving canopy height inversion models
and advancing large-scale forest monitoring efforts, particularly in tropical regions with
complex forest structures.

2. Materials and Methods
2.1. Study Area

The study area, Puerto Rico (Figure 1), is an island territory of the United States located
in the Caribbean Sea, spanning from 65.6◦W to 67.3◦W longitude and 17.9◦N to 18.5◦N
latitude. The main island of Puerto Rico stretches approximately 180 km from east to
west and 65 km from north to south, covering an area of about 9.8 × 103 km2. It is the
third-largest island under U.S. jurisdiction, with a population of around 3.2 million. The
island’s topography is predominantly mountainous, with 60% of its land area characterized
by rugged terrain and complex understory vegetation. Expansive coastal plains are found
in both the northern and southern parts of the island.

Remote Sens. 2024, 16, x FOR PEER REVIEW  3  of  20 
 

 

strengths of ICESat-2 and GEDI data while introducing innovations in feature extraction 

and machine  learning  techniques  to  improve  canopy height predictions. The findings 

from this study have important implications for improving canopy height inversion mod-

els and advancing  large-scale  forest monitoring efforts, particularly  in  tropical  regions 

with complex forest structures. 

2. Materials and Methods 

2.1. Study Area 

The study area, Puerto Rico (Figure 1), is an island territory of the United States lo-

cated  in  the Caribbean Sea,  spanning  from 65.6°W  to 67.3°W  longitude and 17.9°N  to 

18.5°N latitude. The main island of Puerto Rico stretches approximately 180 km from east 

to west and 65 km from north to south, covering an area of about 9.8 × 103 km2. It is the 

third-largest island under U.S. jurisdiction, with a population of around 3.2 million. The 

island’s topography is predominantly mountainous, with 60% of its land area character-

ized by rugged terrain and complex understory vegetation. Expansive coastal plains are 

found in both the northern and southern parts of the island. 

 

Figure 1. Location and land cover types of the study area. 

The central mountain range, known as the Cordillera Central, runs east–west across 

the island, with the highest peak, Cerro de Punta, reaching an elevation of 1338 m. Puerto 

Rico’s  tropical  forest ecological zone experiences a  tropical maritime monsoon climate, 

with an average annual temperature of 26 °C and minimal seasonal variation. Year-round 

temperatures generally range between 20 °C and 30 °C, and the island receives an average 

annual precipitation of about 1400 mm [38]. The primary land cover types in Puerto Rico 

include forests, shrublands, grasslands, built-up areas, water bodies, and wetlands [39]. 

Common  tree species  found  in  the  island’s  tropical  forests  include Prestoea acuminata 

(palm), Manilkara bidentata  (balata), Cocos nucifera  (coconut), and Piones mangroves 

[40]. The study area was selected because of its diverse and structurally complex forests, 

which present both challenges and representativeness, and because publicly available air-

borne lidar data are available for independent accuracy validation. 

2.2. Data 

Figure 2 presents a flowchart outlining the data and processing methods employed 

in this study. This study utilized a combination of remote sensing datasets to construct 

canopy height inversion models for tropical forests. The primary datasets included ICE-

Sat-2 and GEDI lidar products, which were used to obtain footprint-level forest canopy 

height measurements. High-resolution airborne lidar data from the G-LiHT (Goddard’s 

Lidar, Hyperspectral and Thermal Imager) [41] were employed for independent accuracy 

validation. Additionally, Landsat-8 multispectral imagery was used to extract spectral and 

textural features, while PALSAR-2 SAR imagery was used to derive polarization features. 

Figure 1. Location and land cover types of the study area.

The central mountain range, known as the Cordillera Central, runs east–west across
the island, with the highest peak, Cerro de Punta, reaching an elevation of 1338 m. Puerto
Rico’s tropical forest ecological zone experiences a tropical maritime monsoon climate,
with an average annual temperature of 26 ◦C and minimal seasonal variation. Year-round
temperatures generally range between 20 ◦C and 30 ◦C, and the island receives an average
annual precipitation of about 1400 mm [38]. The primary land cover types in Puerto Rico
include forests, shrublands, grasslands, built-up areas, water bodies, and wetlands [39].
Common tree species found in the island’s tropical forests include Prestoea acuminata
(palm), Manilkara bidentata (balata), Cocos nucifera (coconut), and Piones mangroves [40].
The study area was selected because of its diverse and structurally complex forests, which
present both challenges and representativeness, and because publicly available airborne
lidar data are available for independent accuracy validation.

2.2. Data

Figure 2 presents a flowchart outlining the data and processing methods employed
in this study. This study utilized a combination of remote sensing datasets to construct
canopy height inversion models for tropical forests. The primary datasets included ICESat-
2 and GEDI lidar products, which were used to obtain footprint-level forest canopy height
measurements. High-resolution airborne lidar data from the G-LiHT (Goddard’s Lidar, Hy-
perspectral and Thermal Imager) [41] were employed for independent accuracy validation.
Additionally, Landsat-8 multispectral imagery was used to extract spectral and textural fea-
tures, while PALSAR-2 SAR imagery was used to derive polarization features. Topographic
features were obtained from the FABDEM (Forest And Buildings removed Copernicus
Digital Elevation Model) terrain product [42]. To ensure consistency and comparability
in the analysis, all datasets were carefully processed for spatial resolution and temporal
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alignment. This preprocessing step was essential to guarantee that the data sources were
appropriately matched in terms of spatial and temporal scales, allowing for accurate canopy
height mapping across the study area.

Remote Sens. 2024, 16, x FOR PEER REVIEW  4  of  20 
 

 

Topographic features were obtained from the FABDEM (Forest And Buildings removed 

Copernicus Digital Elevation Model) terrain product [42]. To ensure consistency and com-

parability in the analysis, all datasets were carefully processed for spatial resolution and 

temporal  alignment. This preprocessing  step was  essential  to  guarantee  that  the data 

sources were appropriately matched in terms of spatial and temporal scales, allowing for 

accurate canopy height mapping across the study area. 

 

Figure 2. Flowchart illustrating the process of generating spatially continuous canopy height maps 

using publicly accessible data products and the Google Earth Engine cloud platform. 

2.2.1. GEDI L2A Product 

GEDI provides four levels of scientific data products, with the L2A product offering 

footprint-level height metrics  (footprint diameter of 25 m),  including ground elevation 

and relative height (RH) percentiles. GEDI uses full-waveform lidar technology, capturing 

vertical structure  information by fitting Gaussian distributions  to waveform peaks and 

calculating normalized  cumulative waveform  energy  [25]. This process  allows  for  the 

identification of ground, canopy top, and relative heights within each footprint (Figure 3). 

In  this  study,  we  used  the  latest  version  of  the  GEDI  L2A  product  (Version  2; 

Figure 2. Flowchart illustrating the process of generating spatially continuous canopy height maps
using publicly accessible data products and the Google Earth Engine cloud platform.

2.2.1. GEDI L2A Product

GEDI provides four levels of scientific data products, with the L2A product offering
footprint-level height metrics (footprint diameter of 25 m), including ground elevation
and relative height (RH) percentiles. GEDI uses full-waveform lidar technology, capturing
vertical structure information by fitting Gaussian distributions to waveform peaks and
calculating normalized cumulative waveform energy [25]. This process allows for the
identification of ground, canopy top, and relative heights within each footprint (Figure 3).
In this study, we used the latest version of the GEDI L2A product (Version 2; https://lpdaac.
usgs.gov/products/gedi02_av002/; accessed on 10 October 2024), released by the U.S.
Geological Survey (USGS), and processed the data using USGS-provided data prep scripts,
which automate spatial queries, batch downloads, spatial clipping, and parameter filtering.

https://lpdaac.usgs.gov/products/gedi02_av002/
https://lpdaac.usgs.gov/products/gedi02_av002/
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The parameters of the GEDI L2A data product used are listed in Table 1. Canopy height
percentiles (RH 1-100) are provided at 1% intervals. To mitigate the impact of noise, we
used the RH98 parameter to represent canopy top height, maintaining consistency with the
ICESat-2 ATL08 product. To ensure accurate footprint-level canopy height data, we applied
established filtering criteria [15,29]. First, invalid waveform data were removed based
on the quality_flag parameter (data with quality_flag = 1 are retained). Next, footprints
acquired during daytime and those with weaker coverage beams were filtered using the
delta_time and beam_flag parameters (BEAM0101, BEAM0110, BEAM1000, and BEAM1011
beams acquired at night are retained). We utilized 68 GEDI L2A files collected between
May and September from 2019 to 2021, yielding approximately 170,000 valid footprint-level
canopy height estimates after filtering and cleaning.

Table 1. Parameters of the GEDI L2A product used in this study.

Variable Name Description

lon_lowestmode Longitude of the footprint center
lat_lowestmode Latitude of the footprint center

elev_lowestmode Ground elevation value derived from waveform inversion
RH 1-100 Canopy height percentiles derived from waveform inversion

quality_flag Flag used for quality assessment
delta_time Used to determine whether the data were acquired during day/night
beam_flag Used to identify whether the beam is a coverage or power beam
Sensitivity Signal-to-noise ratio measure related to canopy cover

2.2.2. ICESat-2 ATL08 Product

ICESat-2 provides 21 standardized data products across four levels. Among the Level
3 products, the ATL08 land and vegetation height product contains terrain and canopy
height measurements along the satellite’s track [43]. The ICESat-2 ATLAS instrument
uses photon counting technology, featuring micropulse, multi-beam, and high-frequency
capabilities, firing laser pulses at a rate of 10 kHz to acquire photon cloud data. Each
ICESat-2 laser footprint measures approximately 12 m in diameter [28]. In regions with
vegetation cover, each ATLAS laser pulse typically returns an average of 0 to 4 photons [44].
As a result, the ATL08 product is segmented along the track at intervals of 20 or 100 m to
ensure a sufficient number of photons are available for reliable height estimates [43]. The
ATL08 product records a large number of photon returns, forming a distribution histogram
similar to a full-waveform return by recording individual photon energy levels (Figure 3).

In this study, we used the latest version of the ICESat-2 ATL08 product (Version 6;
https://nsidc.org/data/atl08/versions/6/; accessed on 10 October 2024) provided by the
National Snow and Ice Data Center (NSIDC), and processed the data using the NSIDC data

https://nsidc.org/data/atl08/versions/6/
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access and service API, which supports customized spatiotemporal queries and variable
filtering. The ATL08 product contains hundreds of parameters, and the key parameters
used in this study are listed in Table 2. Due to the sensitivity of the photon counting sensor
to solar noise, we used the 98th percentile of canopy height (RH98) to represent the canopy
top height [23]. The ATL08 product provides terrain and canopy height estimates for 12 by
20 m geosegments, each containing at least 50 photon returns (n_seg_ph ≥ 50). We applied
several filtering criteria to retain accurate canopy height estimates from ICESat-2 data. We
selected strong beam data acquired at night using the night_flag and ground_track_flag
(referred to as /gtx) parameters, excluded data with a signal-to-noise ratio (SNR) below
1, and removed potentially erroneous canopy height estimates caused by cloud cover
(layer_flag) or snow cover (segment_snowcover). To ensure phenological consistency, we
retrieved ATL08 data acquired between May and September from 2019 to 2021, resulting in
53 files containing approximately 60,000 valid footprint-level canopy height estimates.

Table 2. Parameters of the ICESat-2 ATL08 product used in this study.

Parameter Description

longitude Longitude of the segment center
latitude Latitude of the segment center

h_te_mean Mean elevation of ground photons within the segment
h_canopy 98th percentile canopy height within the segment
n_seg_ph Number of ground and canopy photons detected in the segment

SNR Ratio of signal photons to noise photons
ground_track_flag Identifies beam strength based on orbital information

night_flag Indicates whether data were acquired during day or night
layer_flag Indicates whether data are affected by cloud cover

segment_snowcover Indicates whether data are affected by snow cover

2.2.3. G-LiHT Airborne Lidar Product

In this study, the G-LiHT airborne lidar (https://glihtdata.gsfc.nasa.gov/; accessed
on 10 October 2024) canopy height model (CHM) was used for independent accuracy
validation. G-LiHT is an airborne system that integrates scanning lidar and high-resolution
cameras to map the composition, structure, and function of terrestrial ecosystems [41].
G-LiHT uses the Riegl VQ 480i dual-scanning lidar with real-time waveform processing
technology. It operates at a laser wavelength of 1550 nm (near-infrared) and a sampling
frequency of 50 to 300 kHz. The footprint diameter is 0.3 m, with a sampling density of
12 points/m2. The system’s calibrated horizontal and vertical accuracies are both 5 cm, and
the CHM product has a spatial resolution of 1 m [44].

The G-LiHT airborne lidar system provides discrete return data with a small footprint,
with each laser pulse recording 1 to 5 return signals (Figure 3). Compared to satellite-based
lidar systems, airborne lidar systems like G-LiHT offer higher sampling densities and
smaller footprint sizes, resulting in more accurate terrain and canopy height measure-
ments [45]. The G-LiHT lidar data for Puerto Rico were collected in 2017, and the spatial
coverage is shown in Figure 4.
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2.2.4. Landsat-8 Multispectral Imagery

Since GEDI and ICESat-2 provide spatially discrete and sparse samples, combining
these lidar datasets with spatially continuous optical or SAR satellite imagery is essential
for generating wall-to-wall canopy height maps (Figure 2). In this study, we chose 30 m
resolution Landsat-8 imagery instead of 10 m Sentinel-2 imagery because the footprint size
of GEDI and ICESat-2 better matches Landsat’s pixel resolution. The Landsat program, a
joint Earth observation initiative by the USGS and NASA, has provided continuous global
observations since 1972, offering one of the most widely used sources of medium-to-high
spatial resolution multispectral satellite data. Landsat-8 is equipped with two sensors—the
Operational Land Imager (OLI) and the Thermal Infrared Sensor (TIRS)—capturing data
across 11 spectral bands, including visible, near-infrared, shortwave infrared, and thermal
infrared [46]. Here, we used the surface reflectance (SR) data product, available on the
Google Earth Engine (GEE) platform [47,48], which has undergone geometric correction,
radiometric calibration, and atmospheric correction. The Landsat-8 imagery was temporally
aligned with the GEDI and ICESat-2 data, covering the period from May to September
between 2019 and 2021. A median composite method was applied to generate a synthetic
image for the analysis.

2.2.5. PALSAR-2 SAR Imagery

SAR satellites offer the advantage of all-weather, day-and-night imaging, with the
added ability to penetrate vegetation canopies to some extent, making them widely used for
forest height and biomass estimation [49]. On May 2014, the Japan Aerospace Exploration
Agency launched the Advanced Land Observing Satellite-2 (ALOS-2), equipped with the
L-band PALSAR-2 sensor [50]. PALSAR-2 operates at a wavelength of approximately
23.6 cm and a frequency of 1.2 GHz. Compared to Sentinel-1’s C-band, PALSAR-2’s
L-band offers greater penetration, making it better suited for complex canopy structures
in tropical forest ecosystems [35]. In this study, we used the PALSAR-2 annual mosaic
product provided by the GEE platform, with a spatial resolution of 25 m. This product is
created by mosaicking PALSAR-2 strip images, which undergo orthorectification and slope
correction. Additionally, destriping techniques are applied to balance intensity differences
between adjacent strips caused by variations in surface moisture conditions [51]. We
utilized the HH and HV polarization backscatter coefficients from the PALSAR-2 annual
mosaic product and converted the original 16-bit digital number (DN) values into decibels
(dB) to improve data distribution (refer to Equation (1)), which facilitates visualization and
data analysis [52].

γ0 = 10 log10

(
DN2

)
− 83.0 dB (1)

2.2.6. FABDEM Terrain Product

Here, we utilized the FABDEM terrain product [42] as auxiliary data to provide terrain
features, including elevation and slope, which are instrumental in enhancing the accuracy
of forest canopy height estimations. FABDEM is derived from the Copernicus GLO-30
DEM product by eliminating height biases caused by buildings and trees [53]. This dataset
is available globally with a spatial resolution of 1 arc second (~30 m). By removing forest
and building cover, the FABDEM provides more accurate terrain information beneath the
forest canopy, thereby supporting more precise inversion of forest canopy height [53].

2.3. Method
2.3.1. Feature Extraction

After preprocessing the Landsat-8, PALSAR-2, and FABDEM datasets, we extracted
spectral, textural, polarization, and terrain features to construct the canopy height inversion
model (Figure 2). The spectral features included six bands from Landsat-8 (B2-B7), as well
as the Normalized Difference Vegetation Index (NDVI), Tasseled Cap Greenness (TCG; [54]),
and the Kernel NDVI (kNDVI; [55]), calculated using Formulae (2) to (4).
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NDVI = (NIR − R)/(NIR + R) (2)

TCG = −0.16 · B − 0.28 · G − 0.49 · R + 0.79 · NIR − 0.0002 · SWIR1 − 0.14 · SWIR2 (3)

kNDVI = tanh(((NIR − R)/2σ)2) = tanh(NDVI2) (4)

In these formulae, B, G, R, NIR, SWIR1, and SWIR2 represent the blue, green, red,
near-infrared, shortwave infrared 1, and shortwave infrared 2 bands, respectively. kNDVI
utilizes kernel methods from machine learning to linearize NDVI, mitigating the non-
linearity and saturation effects commonly seen in traditional vegetation indices, which
enhances its performance in densely vegetated areas [56]. Additionally, texture features
were calculated using a gray-level co-occurrence matrix [57] with a 3 × 3 kernel based on
kNDVI, including metrics such as entropy, energy, contrast, and correlation. Polarization
features were extracted from the HH and HV backscatter coefficients of PALSAR-2. Fi-
nally, terrain features such as elevation, slope, aspect, and hillshade were derived from the
FABDEM product.

2.3.2. Model Construction

This study utilized the AutoGluon automated machine learning framework [37] to
construct canopy height inversion models, enabling the extrapolation of canopy heights
across the entire study area from GEDI and ICESat-2 footprint-level lidar data. Machine
learning models are widely used for canopy height inversion, aiming to establish relation-
ships between forest canopy height and spatially continuous satellite imagery features. In
this study, footprint-level canopy height estimates from the GEDI L2A and ICESat-2 ATL08
products were used as target variables, while spectral, textural, polarization, and terrain
features extracted from Landsat-8, PALSAR-2, and FABDEM served as predictor variables.

AutoGluon supports the automation of key tasks such as model construction, hyper-
parameter optimization, and model evaluation, demonstrating excellent performance in
classification and regression tasks across various data types, including images, tables, and
text [58]. It incorporates a range of algorithms, such as k-nearest neighbors [59], random
forests [60], neural networks [61], extremely randomized trees [62], and three gradient-
boosting decision tree algorithms (XGBoost [63], LightGBM [64], and CatBoost [65]). These
models are commonly used machine learning methods for regression tasks and provide a
strong baseline. Additionally, one of AutoGluon’s key features is the stacking ensemble
model, which combines predictions from multiple base learners to create a meta-model
that improves overall accuracy. In a two-layer stacking framework (Figure 5), the first layer
consists of base models like random forests and neural networks, while the second layer
uses the predictions from these base models as inputs to generate the final prediction. This
stacking approach enhances predictive performance compared to individual models by
combining the strengths of multiple algorithms. Each model captures different patterns
and relationships within the data, and by aggregating their predictions, the stacking model
reduces individual model biases and variance. This leads to more robust and accurate pre-
dictions, as the ensemble can balance the weaknesses of each single model while leveraging
their strengths [58,66].

In this study, seven base models and a stacking ensemble model were constructed.
All model parameters were initialized with default values. For the k-nearest neighbors
algorithm, weights were set based on inverse distance. For the random forest and extremely
randomized tree algorithms, the number of trees was set to 300, with the number of
randomly selected features being the square root of the total number of features. Feature
selection was based on entropy or Gini index. For the neural network, the number of
epochs was set to 500, the activation function was ReLU, the batch size was set to 512, and
the base and target learning rates were set to 0.0003 and 1.0, respectively. For XGBoost,
LightGBM, and CatBoost, the number of iterations was set to 10,000. The boosting type for
LightGBM was set to traditional gradient boosting, and the learning rate for CatBoost was
set to 0.1.



Remote Sens. 2024, 16, 3798 9 of 19

Remote Sens. 2024, 16, x FOR PEER REVIEW  9  of  20 
 

 

ensemble model, which  combines  predictions  from multiple  base  learners  to  create  a 

meta-model that improves overall accuracy. In a two-layer stacking framework (Figure 5), 

the first layer consists of base models like random forests and neural networks, while the 

second layer uses the predictions from these base models as inputs to generate the final 

prediction. This stacking approach enhances predictive performance compared to  indi-

vidual models by combining the strengths of multiple algorithms. Each model captures 

different patterns and relationships within the data, and by aggregating their predictions, 

the stacking model reduces individual model biases and variance. This leads to more ro-

bust and accurate predictions, as the ensemble can balance the weaknesses of each single 

model while leveraging their strengths [58,66]. 

 

Figure 5. Diagram of the AutoGluon stacking ensemble learning model. 

In this study, seven base models and a stacking ensemble model were constructed. 

All model parameters were  initialized with default values. For  the k-nearest neighbors 

algorithm, weights were  set based on  inverse distance. For  the  random  forest and ex-

tremely randomized tree algorithms, the number of trees was set to 300, with the number 

of randomly selected features being the square root of the total number of features. Fea-

ture selection was based on entropy or Gini index. For the neural network, the number of 

epochs was set to 500, the activation function was ReLU, the batch size was set to 512, and 

the base and target learning rates were set to 0.0003 and 1.0, respectively. For XGBoost, 

LightGBM, and CatBoost, the number of iterations was set to 10,000. The boosting type 

for LightGBM was set to traditional gradient boosting, and the learning rate for CatBoost 

was set to 0.1. 

During model training, parameters such as the training strategy, K-fold cross-bag-

ging strategy,  training  time  limit, and early stopping criteria were set  to automatically 

split the input data into training and validation sets and optimize hyperparameters within 

a predefined search space. Specifically, the training strategy was set to “best_quality”; the 

num_bag_folds parameter was  set  to five, meaning five-fold  cross-validation was per-

formed, with 80% of the data used for training and 20% for independent validation; the 

training time limit (time_limit) was set to 3600 s; and the auto_stack parameter was set to 

True to enable multi-layer stacking, with the number of stacking layers adjusted according 

to model training speed. 

After model training, feature importance evaluation [67,68] was applied to iteratively 

refine the input features. To assess multicollinearity and reduce redundancy among pre-

dictor variables, we used the Variance Inflation Factor (VIF) to check for collinearity [69]. 

In each iteration, features with low importance or high multicollinearity were removed. 

Figure 5. Diagram of the AutoGluon stacking ensemble learning model.

During model training, parameters such as the training strategy, K-fold cross-bagging
strategy, training time limit, and early stopping criteria were set to automatically split
the input data into training and validation sets and optimize hyperparameters within
a predefined search space. Specifically, the training strategy was set to “best_quality”;
the num_bag_folds parameter was set to five, meaning five-fold cross-validation was
performed, with 80% of the data used for training and 20% for independent validation; the
training time limit (time_limit) was set to 3600 s; and the auto_stack parameter was set to
True to enable multi-layer stacking, with the number of stacking layers adjusted according
to model training speed.

After model training, feature importance evaluation [67,68] was applied to iteratively
refine the input features. To assess multicollinearity and reduce redundancy among pre-
dictor variables, we used the Variance Inflation Factor (VIF) to check for collinearity [69].
In each iteration, features with low importance or high multicollinearity were removed.
The iterative optimization process continued, utilizing cross-validation to fine-tune model
performance until the most accurate and stable model was achieved.

2.3.3. Accuracy Validation

We validated the accuracy of the generated tropical forest canopy height maps for
Puerto Rico using the G-LiHT airborne lidar product. The G-LiHT product has a spatial
resolution of 1 m, so it was resampled to 30 m to match the spatial resolution of the canopy
height maps being evaluated. After resampling, a total of 38,235 validation points were
obtained across the study area. Five accuracy metrics were used to assess the product’s
accuracy: (1) mean bias, (2) mean absolute error (MAE), (3) correlation coefficient (R),
(4) root mean square error (RMSE), and (5) relative RMSE (rRMSE).

3. Results
3.1. Model Performance Comparison

To evaluate the potential of the ICESat-2 ATL08 and GEDI L2A products for mapping
tropical forest canopy height, we integrated their footprint-level canopy height estimates
with spectral, textural, polarization, and terrain features derived from Landsat-8, PALSAR-
2, and FABDEM data. Canopy height inversion models were constructed, and mapping
was performed at a spatial resolution of 30 m to match the resolution of each data product.
Figures 6 and 7 show the accuracy evaluation results for seven base models and the stacking
ensemble model, based on the ICESat-2 ATL08 and GEDI L2A products, respectively. It
is important to note that these seven base models are also the Level 2 models within
AutoGluon, constructed through feature concatenation (Figure 5) to enhance predictive
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performance. Each subplot illustrates the relationship between predicted and observed
canopy heights for a specific model, along with key accuracy metrics.
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Figure 6. Accuracy comparison of seven base models and the stacking ensemble model for canopy
height inversion using ICESat-2 ATL08 data. (A) random forests, (B) extremely randomized trees,
(C) neural networks, (D) XGBoost, (E) LightGBM, (F) CatBoost, (G) k-nearest neighbors, and (H) the
stacking ensemble model.
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Figure 7. Accuracy comparison of seven base models and the stacking ensemble model for canopy
height inversion using GEDI L2A data. (A) random forests, (B) extremely randomized trees, (C) neural
networks, (D) XGBoost, (E) LightGBM, (F) CatBoost, (G) k-nearest neighbors, and (H) the stacking
ensemble model.
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The ensemble model consistently reduces bias and error compared to the base models
for both datasets. For ICESat-2, the ensemble reduced the RMSE to 4.99 m, improving on
the 5.11 m achieved by the best-performing base model. Similarly, for GEDI, the ensemble
achieved an RMSE of 4.81 m, outperforming the best base model by 0.1 m. The bias for both
ensemble models is also significantly lower than that of most base models, indicating that
the stacking approach helps mitigate the systematic overestimation and underestimation
observed in individual models.

Certain base models demonstrate consistent strengths across both datasets, with
CatBoost and LightGBM standing out as top performers, achieving low RMSE values and
high correlation. Their strong performance is due to the use of gradient-boosting decision
tree (GBDT) algorithms, which are well-suited for handling non-linear relationships and
complex feature interactions. In contrast, the k-nearest neighbors model consistently
underperforms, with the highest RMSE and lowest correlation, highlighting its limitations
in modeling the complex variability of canopy height in both datasets. Additionally, models
like Random Forest and Extra Trees performed moderately well, maintaining balanced
error metrics but still showing limitations in predicting the extremes of canopy height.
These models tended to predict the middle range of canopy heights relatively well but
encountered challenges at the higher end, where predicted values diverged from the
observed data.

When comparing individual base models, the GEDI-based models generally exhibit
slightly better performance across most metrics. For instance, the correlation (R) values
for all base models are higher in the GEDI dataset, with CatBoost, LightGBM, and Neural
Networks reaching 0.71. In contrast, for ICESat-2, the highest correlation among base
models was 0.68 (CatBoost). This suggests that GEDI, with its higher vertical sensitivity
and denser sampling, provides a more accurate input for modeling canopy height. Another
important observation is that the bias in the GEDI-based models is generally lower than
in the ICESat-2 models. For example, the bias for CatBoost in the GEDI model is −0.20 m,
while for ICESat-2 it is −1.00 m. This indicates that ICESat-2 data may be more prone to
underestimation, particularly for taller canopy heights, a limitation less pronounced in the
GEDI data.

In summary, while each base model has strengths and weaknesses, the stacking
ensemble model clearly outperforms them by combining their predictive capabilities. The
result is a more accurate and reliable canopy height model that minimizes bias and errors,
making it better suited for large-scale canopy height mapping.

3.2. Comparison of Canopy Height Models Based on GEDI and ICESat-2

Figure 8 presents the performance of the stacking ensemble models for ICESat-2 and
GEDI data. The GEDI-based model performed slightly better, with a correlation of 0.72 and
an RMSE of 4.81 m, while the ICESat2-based model had a correlation of 0.69 and an RMSE
of 4.99 m. The rRMSE values were very close, at 0.32 for GEDI and 0.33 for ICESat-2,
indicating comparable overall accuracy.

The residual distribution plots (Figure 8C,D) further highlight the difference in per-
formance between the two models. The GEDI-based model shows a more symmetric
residual distribution centered around zero, with a mean residual of −0.11 m, suggesting
less systematic bias. In contrast, the ICESat-2-based model has a slightly larger mean
residual of −0.56 m, indicating a tendency to underpredict canopy heights, particularly
for taller canopies. Additionally, the standard deviation of residuals for the GEDI-based
model (4.81 m) is slightly lower than that of the ICESat-2 model (4.96 m), reflecting a more
consistent prediction across the dataset.

Figure 9A,B displays the top ten most important variables in the stacking models
based on ICESat-2 and GEDI data, respectively. Several key features are shared between
the two models, with kNDVI standing out as one of the most important. The prominence
of kNDVI highlights its advantages over traditional NDVI in handling dense vegetation.
kNDVI helps mitigate the nonlinearity and saturation issues typically found in tropical
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forests, leading to more reliable canopy height predictions [56]. Other spectral bands, such
as Red, NIR, and SWIR1, further enhance the models’ ability to capture vegetation health
and structural information.
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In addition to spectral indices, the HV polarization from PALSAR-2 is another criti-
cal feature in both models. Its better performance compared to HH polarization can be
attributed to HV’s ability to capture volume scattering, which is particularly useful in
tropical forests with complex canopy structures. This makes HV especially valuable for
predicting canopy height in such environments. Terrain features, particularly elevation, are
highly ranked, likely due to the association between altitude and forest types in Puerto Rico.
This highlights the importance of topography in predicting canopy height, as elevation
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directly influences species distribution and forest structure. Additionally, texture features
derived from kNDVI, such as entropy (kNDVI_ent), contrast (kNDVI_con), and correlation
(kNDVI_corr), provide valuable insights into canopy structure by capturing spatial vari-
ability and heterogeneity. These texture metrics are useful in dense environments, where
complex canopy structures make accurate predictions more challenging [35].

3.3. Canopy Height Product Mapping

Figure 10 presents three visualizations comparing terrain elevation and canopy height
predictions for Puerto Rico. The terrain elevation (Figure 10A) highlights the central
mountain range, which significantly influences the distribution of forest types across the
island. Canopy height maps derived from ICESat-2 (Figure 10B) and GEDI (Figure 10C) data
show a general alignment with topography, as taller canopies tend to occur in mountainous
areas. However, the GEDI-based map provides generally higher canopy height estimates
compared to the ICESat-2-based map. These differences in canopy height predictions could
have implications for biomass estimation and forest structure analysis.
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Figure 11 reveals key patterns in the residual distributions of canopy height predic-
tions. As canopy height increases, the residuals exhibit a systematic shift from positive
values (overestimation) to negative values (underestimation). This trend is evident in
both models, but it is more pronounced in the ICESat-2-based model. For canopy heights
between 2 and 4 m, both models tend to overestimate, with residuals averaging around
4 to 7 m. This overestimation in shorter canopy heights may be attributed to uncertainties
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in distinguishing low vegetation or terrain features from the canopy itself. As the canopy
height increases, particularly in the 16–20 m range, both models exhibit a noticeable shift
towards negative residuals, indicating an increasing underestimation of canopy heights.
This underestimation becomes even more pronounced for canopy heights over 20 m, with
residuals reaching as low as −8 m for the tallest trees. Notably, the GEDI-based model
performs better in this range, showing less severe underestimation compared to the ICESat-
2-based model. This can be attributed to GEDI’s denser sampling and greater sensitivity to
vertical forest structure, allowing for more accurate capture of taller canopy heights [29].
This is particularly important for forest biomass estimation, where taller trees play a critical
role in contributing to total biomass. Additionally, the relatively large sample size for
canopy heights above 20 m further underscores the significance of accurately predicting
tall canopies.

Remote Sens. 2024, 16, x FOR PEER REVIEW  15  of  20 
 

 

 

Figure 11. Residual distribution of predicted canopy heights based on (A) ICESat-2 and (B) GEDI 

data. The population size of each bin is indicated next to the corresponding box plot. 

The residual distribution indicates a systematic bias: shorter tree canopies tend to be 

overestimated, while taller canopies are generally underestimated. This pattern may be 

attributed  to  the uneven distribution of  forest height samples or  inherent biases  in  the 

ICESat-2 ATL08 and GEDI L2A products. As shown in the forest height sample distribu-

tion (Figure 12), the canopy height estimates from ICESat-2 and GEDI footprint-level data 

are more concentrated in the lower canopy compared to the G-LiHT product, with partic-

ularly sparse sampling for taller canopies above 20 m. Additionally, although the limited 

number of overlapping  footprints between GEDI,  ICESat-2, and G-LiHT  (see Figure 4) 

prevents statistical analysis for this study area, existing accuracy assessment results have 

highlighted that ICESat-2 tends to overestimate  low canopy heights and underestimate 

high canopy heights, while the geolocated GEDI product performs better [29]. The over-

estimation of shorter trees may stem from difficulties in differentiating between the can-

opy and understory layers, or from how lower-canopy returns are processed. In contrast, 

the underestimation of taller trees, particularly in the ICESat-2 model, could be attributed 

to the sparse sampling of both lidar systems. The highest points of the canopy may not 

always generate return signals or photon counts, resulting in an overall lower estimate of 

canopy height for the tallest trees [23]. 

 

Figure 12. Comparison of canopy height distributions estimated from G-LiHT, ICESat-2, and GEDI 

footprint-level data. 

Figure 11. Residual distribution of predicted canopy heights based on (A) ICESat-2 and (B) GEDI
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The residual distribution indicates a systematic bias: shorter tree canopies tend to
be overestimated, while taller canopies are generally underestimated. This pattern may
be attributed to the uneven distribution of forest height samples or inherent biases in the
ICESat-2 ATL08 and GEDI L2A products. As shown in the forest height sample distribution
(Figure 12), the canopy height estimates from ICESat-2 and GEDI footprint-level data are
more concentrated in the lower canopy compared to the G-LiHT product, with particularly
sparse sampling for taller canopies above 20 m. Additionally, although the limited number
of overlapping footprints between GEDI, ICESat-2, and G-LiHT (see Figure 4) prevents
statistical analysis for this study area, existing accuracy assessment results have highlighted
that ICESat-2 tends to overestimate low canopy heights and underestimate high canopy
heights, while the geolocated GEDI product performs better [29]. The overestimation
of shorter trees may stem from difficulties in differentiating between the canopy and
understory layers, or from how lower-canopy returns are processed. In contrast, the
underestimation of taller trees, particularly in the ICESat-2 model, could be attributed to
the sparse sampling of both lidar systems. The highest points of the canopy may not always
generate return signals or photon counts, resulting in an overall lower estimate of canopy
height for the tallest trees [23].
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4. Discussion

Our study highlights the practical utility of ICESat-2 and GEDI spaceborne lidar
products in accurately estimating tropical forest canopy height, especially when combined
with multispectral, SAR, and terrain data to produce spatially continuous 30 m resolution
canopy height maps. The integration of Landsat-8, PALSAR-2, and FABDEM resulted in a
more comprehensive feature set, surpassing conventional approaches that predominantly
rely on spectral data alone. This research also underscores the importance of incorporating
kNDVI and its texture features into canopy height inversion models to enhance prediction
accuracy. While traditional vegetation indices like NDVI often face saturation challenges in
dense tropical forests, kNDVI provides more reliable information on vegetation structure.
The addition of texture metrics provides further insight by capturing subtle variations
in canopy density and spatial complexity, which are favorable for understanding forest
structure.

Previous studies [9,16–18] have emphasized the strong performance of machine learn-
ing methods, such as Random Forest, in estimating forest canopy height. Our study extends
these insights by employing a more advanced ensemble learning approach. The stacking
ensemble models developed using the AutoGluon automated machine learning framework
consistently outperformed individual base models in terms of inversion accuracy. Our
canopy height model for Puerto Rico shows slightly higher overall accuracy compared to
previous studies on tropical forests in South America and Africa [35], temperate forests in
China [33], and boreal forests in Canada [30], all of which reported RMSE values around
5 m. This indicates that our approach has contributed to enhancing the accuracy of for-
est canopy height inversion. Accurate canopy height estimation can greatly enhance the
precision of carbon stock assessments, providing critical information for climate change
mitigation strategies. Additionally, the ability to monitor changes in forest structure over
time supports biodiversity conservation efforts by identifying areas of habitat degradation
and facilitating targeted protection measures.

Our residual analysis provides valuable insights for improving canopy height map-
ping using ICESat-2 and GEDI data. The sparse sampling of taller canopies in the ICESat-2
and GEDI datasets may introduce bias in estimating forest structure at greater heights
(Figure 12). Both datasets tend to underestimate taller canopies, and given the dispro-
portionate contribution of tall trees to forest biomass and carbon storage, accurate height
estimates are critical for forest monitoring and conservation efforts. Future research should
prioritize addressing the systematic biases in canopy height predictions and explore the
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integration of complementary datasets to enhance overall accuracy [70]. A promising direc-
tion is to combine GEDI and ICESat-2 data with higher-resolution airborne lidar products
for localized validation and improved model precision. Additionally, while our machine
learning models performed well overall, potential overfitting or underfitting in certain
height ranges remains a concern. Future research could focus on integrating more diverse
datasets to complement ICESat-2 and GEDI data. The upcoming long-wavelength SAR
missions, such as the P-band BIOMASS mission [71], offer the potential to penetrate dense
forests more effectively, providing enhanced indicators for tropical forest canopy height
inversion.

In conclusion, this study underscores the importance of integrating multiple data
sources for accurate monitoring of forest structure. The integration of ICESat-2 and GEDI
data with enhanced remote sensing features and advanced machine learning techniques
allows for high-precision, large-scale canopy height mapping. By advancing both the
methodology and data used in canopy height modeling, this research lays a foundation for
future studies aimed at further improving accuracy.
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