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ABSTRACT 
Forest aboveground biomass (AGB) is a crucial indicator for carbon 
monitoring. This study presents a data-driven, cloud-based workflow 
for AGB density (AGBD) mapping using Global Ecosystem Dynamics 
Investigation (GEDI) data combined with Earth observation (EO) 
datasets. Focusing on the state of Alabama, the specific objectives 
were to: (1) evaluate and compare the effectiveness of ecoregion- 
specific models versus a statewide model for estimating AGBD, and 
(2) generate a 30-m AGBD map based on the optimal model and 
assess agreement with forest inventory and global-scale informa
tion. GEDI data preparation was performed locally, while the analysis 
was conducted within GEE using the Random Forest algorithm. The 
ecoregion-specific models achieved higher accuracy (R2: 0.20-0.71; 
RMSE: 66.67-48.99 Mg/ha) than the statewide model (R2: 0.41; RMSE: 
62.09 Mg/ha). These findings underscore the importance of eco
region-specific modeling and combining EO data in cloud comput
ing for advancing AGBD mapping.
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1. Introduction

Forests play a crucial role in the Earth’s carbon cycle, constituting around 30% of its total 
area and storing nearly 45% of its carbon reserves (Rodr�ıguez-Veiga et al. 2017). 
Aboveground biomass (AGB) serves as a pivotal indicator for assessing forest carbon 
stocks (Yang et al. 2023). Forest of the Southern United States (US) stands out as com
prising one of the world’s most productive timberland systems (Shephard et al. 2022). 
Among them, Alabama holds the third-largest commercial forestland in the US with over 
23 million acres of forestland covering almost 70% of the state and estimated to store 
approximately 1.16 billion metric tons of carbon (Duncan 2013; Adjei et al. 2023). 
Alabama’s forests span six diverse level III ecoregions varied by climate and precipitation, 
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which influence forest productivity, species composition, and carbon storage capacity 
(Van Do et al. 2020; Commission for Environmental Cooperation (Montr�eal, Qu�ebec), & 
Secretariat 1997). Ecoregional variation plays a crucial role in determining the structure 
and function of forests and their contribution to carbon cycling. Studies conducted by 
Roitman et al. (2018) and Van Do et al. (2020) have demonstrated that forest biomass 
distribution and ecosystem functions vary significantly across ecoregions due to differen
ces in environmental conditions.

AGB stands as a crucial indicator of carbon and its dynamic nature necessitates con
tinuous measurement over time for accurate carbon estimation (Silva et al. 2021). 
Conventional field surveys provide accurate information but may be time-consuming, 
labor-intensive, and cost-prohibitive. Hence, remote sensing, and particularly spaceborne 
light detection and ranging (lidar), have emerged as powerful data sources for assessing 
forest structure and estimating AGB over large areas with remarkable details (Hummel 
et al. 2011; Harris et al. 2021; Nandy et al. 2021). The Global Ecosystem Dynamics 
Investigation (GEDI) is a spaceborne lidar instrument designed specifically to retrieve 
vegetation structure in comparison to other spaceborne lidar instruments (Dubayah et al. 
2022a). Launched in 2018, GEDI, stationed on the International Space Station, offers 
measurements of forest vertical structure in temperate and tropical regions between 51.6�
N and S latitude. GEDI offers both footprint and gridded products, encompassing raw 
and geolocated waveforms, footprint-level canopy height and profile metrics, gridded can
opy height metrics and variability, along with footprint and gridded AGBD (Dubayah 
et al. 2020, 2022a; Kellner et al. 2022). The gridded AGBD GEDI Level 4B (GEDI L4B) is 
provided at a 1 km resolution, while the footprint AGBD GEDI Level 4 A (GEDI L4A) is 
provided with a 25 m diameter spaced and roughly 60 m along the track and approxi
mately 600 m apart across the track. Previous studies have demonstrated the use of GEDI 
L4A data for generating mapped AGBD. For instance, Shendryk (2022) extrapolated 
GEDI L4A AGBD to create 100 m and 200 m AGBD maps for the United States and 
Australia and reported coefficient of determination (R2) values ranging from 0.66 to 0.74, 
and root mean squared errors (RMSEs) of 55 to 81 Mg/ha. Similarly, Mohite et al. (2024) 
reported an R2 of 0.64 and an RMSE of 46.59 Mg/ha for the Indian forest region at a 
100 m resolution using GEDI L4A AGBD. Despite significant advancements in leveraging 
GEDI L4A data for mapping AGBD at various resolutions, there are limited approaches 
for generating 30 m resolution AGBD maps that explicitly consider GEDI L4A as the 
response variable, leveraging its unique characteristics as a spaceborne lidar-based sam
pling mission. Furthermore, studies tailored to ecoregion-specific approaches remain lim
ited, specifically for temperate mixed forests of the southeastern United States. 
Furthermore, the potential of cloud computing platforms for efficiently processing large- 
scale GEDI datasets remains underexplored in this context. To address this gap, our study 
focuses on developing a framework to map AGBD at 30 m spatial resolution using GEDI 
L4A data within a cloud computing environment, incorporating an ecoregion-specific 
approach to improve accuracy and scalability.

Spaceborne lidar inherently faces challenges such as the lack of continuous spatial 
coverage. Therefore, fusion with other Earth Observation (EO) data enables the gener
ation of continuous spatial coverage. Earlier studies that used spaceborne lidar data for 
AGB estimation concluded that a multi-sensor data fusion approach, leveraging the 
strengths of each mission, can produce wall-to-wall AGB information that is more accur
ate than what is achievable with any one sensor alone (Rodr�ıguez-Veiga et al. 2017; Silva 
et al. 2021; Guerra-Hern�andez et al. 2022). In this study, we considered a range of EO 
data representing various portions of the electromagnetic spectrum, as suggested by 
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previous studies, to represent an array of forest parameters. These datasets include 
Sentinel-1, Sentinel-2, Global 30 m digital elevation model (GLO30 DEM), Landsat 9, and 
Landscape Fire and Resource Management Planning Tools (LANDFIRE) data (Nandy 
et al. 2021; Guerra-Hern�andez et al. 2022). Landsat 9 is particularly noteworthy for its 
enhanced radiometric resolution, featuring 14-bit quantization for the Operational Land 
Imager-2 (OLI-2), an improvement from the 12-bit resolution of Landsat 8. This enhance
ment allows for more sensitive detection of subtle differences in dense forest areas (Kristi 
Sayler 2022). The decision to include Landsat 9 and LANDFIRE data in our analysis was 
driven by the limited number of studies that have explored the utility of Landsat 9 for 
AGB estimation. Additionally, to our knowledge, no studies have integrated LANDFIRE 
data in conjunction with Landsat 9 for AGBD mapping. This integration presents a 
unique and valuable aspect of our investigation.

Analysis with spaceborne lidar requires managing substantial and increasingly volu
minous datasets, such as the billions of forest structural data sampler points provided by 
GEDI across the tropics (Holcomb et al. 2023). Integrating spaceborne lidar with other 
EO data, especially for larger areas, necessitates the management of extensive and growing 
volumes of lidar data (B�ejar-Martos et al. 2022). Google Earth Engine (GEE) has emerged 
as a viable platform for this purpose, offering a comprehensive framework for effectively 
managing, sharing, and modeling spatial data (Gorelick et al. 2017; Kacic et al. 2021).

Considering the complexities of spectral variation within land cover classes and the 
challenges of per-pixel classification, a 30 m grid size has emerged as the preferred spatial 
resolution (Giri et al. 2013). This resolution effectively captures diverse features on Earth’s 
surface while maintaining a balance between detail and coverage (Chen et al. 2015). 
Furthermore, when conducting regional and global-scale mapping, most existing data 
products are available at a 30 m resolution (e.g. Landsat 9, GLO-30 DEM, LANDFIRE 
data). This makes it compatible with widely used datasets and provides flexibility for inte
gration and utilization in various applications (Townshend et al. 2012; Giri et al. 2013; 
Hansen et al. 2013). In addition, when conducting regional-scale AGBD estimation, it is 
crucial to consider the inherent characteristics of the vegetation of the region (Roitman 
et al. 2018). As highlighted by the Commission for Environmental Cooperation report in 
1997, ecoregions play a vital role in shaping regional environmental management assess
ments, reporting, and decision-making processes. Level III ecoregions, being smaller in 
scale, enable the identification of local characteristics and the formulation of more specif
ically oriented management strategies. However, no previous studies have investigated the 
use of GEDI for ecoregion-specific AGBD mapping using cloud computing in a regional 
context. Therefore, this study introduces a novel approach to employing spaceborne lidar 
data for ecoregion-based AGBD estimation in GEE.

Existing AGB products, such as those from the US Forest Service’s Forest Inventory and 
Analysis (FIA) program (Gray et al. 2012), GEDI L4B AGBD (Dubayah et al. 2023), and 
the European Space Agency’s (ESA) Climate Change Initiative (CCI) (Santoro and Cartus 
2023), provide valuable AGB estimates at both plot-level and global scales. However, these 
products are often constrained by limitations in spatial resolution, integration of ecoregion- 
specific approaches, and spatially comprehensive coverage; factors that are critical for local
ized forest management and conservation planning. The primary goal of this study is to 
develop a data-driven, cloud-based workflow for AGBD mapping using GEDI footprint 
AGBD and EO data. Focusing on the state of Alabama, the specific objectives were to: (1) 
evaluate and compare the effectiveness of ecoregion-specific models versus a generalized 
statewide model for estimating AGBD, and (2) generate a 30-m statewide AGBD map based 
on the optimal model and assess agreement with FIA and CCI data.
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2. Methodology

The methodology entails collecting AGBD footprints from GEDI L4A, integrating multi
source EO data, and conducting analysis in GEE (Figure 1). A variety of predictor varia
bles were utilized for AGBD estimation, including datasets from Sentinel-1, Sentinel-2, 
Landsat 9, GLO 30 DEM derivatives, LANDFIRE, and National Land Cover Dataset 
(NLCD). Two modeling approaches were evaluated: a generalized statewide model and 
ecoregion-specific models tailored to individual regions. Both models were trained using 
the RF machine learning algorithm, and model accuracy was assessed using holdout test 
data. Additionally, the mapped AGBD product was compared with available county-level 
and global-scale AGB datasets to evaluate its accuracy further.

2.1. Study area

The state of Alabama, situated in the southeastern US between 30� and 35� north lati
tude and 85� to 88.5� west longitude, covers a total area of approximately 135,767 km2 

(Figure 2). Alabama boasts a diverse landscape, including mountains, mixed forests, and 
coastal plains. The predominant land use in the state is timberlands, constituting 71% of 
the total land area (Adjei et al. 2023). Covering 23.03 million acres, Alabama’s timber
lands represent the third-largest commercial forestland in the United States. Forests in 
Alabama provide critical ecosystem services, including carbon sequestration, enhancement 
of air and water quality, and support for biodiversity (Chen 2010). This area includes 

Figure 1. The workflow adopted in experimental analysis.

4 J. SANDAMALI AND L. L. NARINE



National Wildlife Refuges, designated Wilderness Areas, and commercial forest lands by 
underscoring these forests’ ecological and economic significance (Alabama Forest 
Commission 2023). The state is home to four national forests: William B. Bankhead 
National Forest, Talladega National Forest (consisting of two tracts), Tuskegee National 
Forest, and Conecuh National Forest (Hartsell and Cooper 2013). Ownership of 
Alabama’s forests is predominantly private, with approximately 93.4% of timberlands 
under private ownership and only 6.6% publicly owned. The forest composition is charac
terized by a mix of softwood and hardwood species, with softwoods, primarily pines, 
accounting for 47% of the timberland, hardwoods 41%, and mixed hardwood/pine stands 
12% (Alabama Forest Commission 2023). The loblolly-shortleaf pine forest type domi
nates, covering 39% or roughly 9.0 million acres of forestland. Loblolly pine, the most 
prevalent softwood species, constitutes nearly 80% of the state’s live softwood volume, 
with an estimated 14 billion cubic feet of growing stock. The biophysical productivity of 

Figure 2. Study area of the investigation. (a) The spatial location of the state of Alabama concerning the United 
States, (b) GEDI L4A footprint AGBD data, (c) landsat 9 false color (vegetative analysis) composite image (bands: short- 
wave infrared (SWIR)-1, near infra-red (NIR), red), and (d) level III ecoregions of the study area.
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Alabama’s forests is significant, with annual net growth rates of 54.9 million tons for soft
woods and 21.2 million tons for hardwoods (Alabama Forest Commission 2023).

Alabama experiences a climate characterized by mild winters, hot summers, and con
sistent year-round precipitation. Renowned for its rich biodiversity, Alabama stands as 
one of the most ecologically diverse states in the United States, serving as a global hotspot 
for various plants and animal species (Duncan 2013). The ecological composition of 
Alabama is categorized into six level III ecoregions: interior plateau, southwestern 
Appalachians, piedmont, southeastern plains, southern coastal plain, and ridge and valley 
as depicted in Figure 2d (USFWI 2024).

2.2. Data

The data employed in the study included open-access EO data obtained from various 
sources, including the Oak Ridge National Laboratory Distributed Active Archive Centre 
(ORNL DAAC), NASA Earth data platform, GEE catalog, LANDFIRE web portal, and 
Earth Resources Observation and Science Center.

2.2.1. GEDI L4A footprint level Aboveground biomass density data
Previous studies utilizing GEDI L4A as the response variable incorporated one year of data 
for AGB estimation (Shendryk 2022; Mohite et al. 2024). Annual satellite data ensures con
sistency in environmental conditions, reduces the influence of inter-annual variability, and 
captures the annual phenological cycle, which is crucial for accurate AGB estimation 
(Zhang et al. 2003; Soudani et al. 2021). Hence, to map AGB for the year 2022, we acquired 
GEDI L4A from January 1, 2022, to December 31, 2022. A comprehensive data filtering 
process was conducted, guided by GEDI quality filters and previous studies, with a total of 
seven filters applied (Liu et al. 2021; Dubayah et al. 2022a; Shendryk 2022; Bruening et al. 
2023). Initially, data not meeting Level 4 A quality requirements were excluded using the 
‘l4_quality_flag’. Subsequently, a beam sensitivity threshold of 0.98 was applied by consider
ing Alabama’s mixed forest characteristics, aiming to minimize measurement error in rela
tive height metrics (Dubayah et al. 2022a; Indirabai and Nilsson 2024). Further refinement 
involved the removal of unreliable GEDI measurements which exhibited more than 50% 
relative standard error as shown by Shendryk (2022). Additionally, GEDI measurements on 
slopes greater than 30 degrees were excluded, as prior findings indicated their adverse 
impact on the accurate retrieval of both terrain and tree heights (Liu et al. 2021). Then, 
GEDI measurements exclusively from the full power beams (‘BEAM0101’, ‘BEAM0110’, 
‘BEAM1000’, and ‘BEAM1011’), specifically designed for dense vegetation, were selected 
(Liu et al. 2021). Furthermore, GEDI data acquired during nighttime (solar elevation < 0) 
were utilized to mitigate the background solar illumination since waveform quality is com
promised during daytime due to the impact of solar interference (Liu et al. 2021; Shendryk 
2022). Out of all available GEDI measurements (592,184), 117, 016 remained after the data 
filtering for further processing (Figure 3) before masking to forest areas. In addition, GEDI 
data within unsuitable land cover and land use categories (e.g. built-up areas, barren lands, 
shrub/scrub, grasslands, etc.) were excluded based on the National Land Cover Database 
(NLCD), retaining only forested areas for the analysis. The selected NLCD land cover 
classes included 41 (deciduous forest), 42 (evergreen forest), 43 (mixed forest), and 90 
(woody wetlands) (Shendryk 2022).

The distribution of GEDI L4A AGBD exhibited significant skewness as depicted in 
Figure 4a. To prepare the data for analysis, various transformations were explored, includ
ing box cox (Atkinson et al. 2021), inverse (Ross 2013), logarithmic (Leydesdorff and 
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Bensman 2006), and square root transformations (Gregoire et al. 2008) in the python 
environment. The square root transformation was selected, as it rendered the distribution 
closer to a normal Gaussian distribution, enhancing the model’s predictive accuracy and 
reducing bias (Shendryk 2022). Subsequently, the transformed data was uploaded to GEE 
for further analysis, serving as the response variable in the model.

2.2.2. Mapped Earth Observation predictors
Predictor variables used for upscaling footprint-level AGBD are listed in Table 1. 
Variables considered are deemed important in mapping AGB and forest structural param
eters according to earlier literature (Li et al. 2020; Nandy et al. 2021; Guerra-Hern�andez 
et al. 2022; Jiang et al. 2022; Malambo et al. 2023; Moradi et al. 2022; Shendryk 2022; 
Tiwari and Narine 2022; Dewitz 2023; Franks and Rengarajan 2023; La Puma 2023).

Figure 3. GEDI footprints over the state of Alabama for 2022 (a) before filtering, (b) after filtering and before masking 
to Forest areas, (c) zoomed-in area showing the distribution of GEDI data over the selected study site before filtering, 
(d) the same zoomed-in area after filtering and before masking to Forest areas.
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2.2.2.1. Sentinel-1. The Sentinel-1 satellites collect C-band SAR, utilizing the 
Interferometric Wide Swath mode with VV (Vertical transmit - Vertical receive) and VH 
(Vertical transmit - Horizontal receive) polarizations, yielding Multi-Look Ground Range- 
Detected products (ESA, 2012; Laurin et al. 2018). All available Sentinel-1 images from 
January to December 2022 were utilized in this study, sourced from the ‘COPERNICUS/ 
S1_GRD’ Sentinel-1 image collection within the GEE. These images were processed to back
scatter coefficient (r�) in decibels (dB). For analysis, Sentinel-1 imagery was composited by 
computing the median of each band from all ascending orbit images at a spatial resolution 
of 30 m, and then mosaicked to cover the extent of Alabama. Additionally, band ratios 
(VV/VH) and band differences (VV - VH) were calculated, as they have demonstrated effi
cacy in forest-related studies, along with the VV and VH bands (Soudani et al. 2021). As 
shown by Chen et al. (2019) the texture features from Sentinel −1 data were more suitable 
for AGB estimation. Therefore, our study derived a range of textures from the Grey Level 
Co-occurrence Matrix (GLCM) using both VV and VH polarizations.

2.2.2.2. Sentinel-2. The Sentinel-2 data accessible in the GEE platform was obtained from 
Scihub and processed using the Sen2Cor which is a processor for Sentinel-2 Level 2 A 
product generation and formatting (ESA 2022). The study incorporated Sentinel data 
spanning from January 2022 to December 2022. Initially, atmospheric corrections were 
applied while simultaneously masking out clouds and cloud shadows from all images. 
This was achieved by utilizing the QA60 band, which contains quality assessment data, 

Figure 4. Frequency distribution of GEDI L4A (a) the raw AGBD data, (b) filtered AGBD after applying filters to remove 
unsuitable erroneous footprint AGB, (c) Box-Cox transformation, (d) inverse transformation, (e) logarithmic transform
ation, (f) square root transformation.
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including information on cloud and cirrus presence. Bit 10 of the QA60 band evaluates 
cloud presence (0: absent, 1: present), while bit 11 assesses cirrus presence (0: absent, 1: 
present). Subsequently, bit masks for cloud and cirrus were detected and applied to mask 
out corresponding areas from the images. Data filtering was then performed, retaining 
only images with a cloud pixel percentage of less than five. Following this, all images 
were composited by computing the median of all cloud and cloud shadow-masked 
images, with the resultant resolution set at 30 m (Shendryk 2022). Moreover, Sentinel-2 
imagery was employed to derive vegetation indices (Table 2), which have previously 
shown effectiveness on AGB estimation, as illustrated in Table 1.

2.2.2.3. Landsat 9. Data from Landsat 9, accessible through the GEE, provides atmos
pherically corrected surface reflectance and land surface temperature measurements 
derived from OLI/TIRS sensors. Landsat 9 includes 11 spectral bands, ranging from vis
ible to thermal infrared (Masek et al. 2020). For this study, we specifically used the Blue, 
Green, Red, NIR, SWIR1, and SWIR2 bands, which are typically used for vegetation ana
lysis (USGS 2024). These bands were selected for their ability to capture relevant surface 
and vegetation characteristics (Table 1) (Jiang et al. 2022). For our study, Landsat 9 
images from January to December 2022 in Collection 2, Tier 1, Level 2 data were utilized, 
following additional processing to enhance geometric and radiometric accuracy. Cloud 
masking based on ‘QA_PIXEL’ values was applied, followed by filtering to retain images 
with less than five percent cloud cover. The images were then sorted in descending order 
to prioritize recent acquisitions, culminating in the computation of a median composite. 
Furthermore, Landsat 9 imagery was utilized to derive vegetation indices (Table 2), which 
have previously shown significant impacts on AGB estimation.

Table 1. Data sources and variables are incorporated in the study for Forest AGB estimation.

No Source Variables References

01 Sentinel-1 VV / VH 
band ratios (VV/VH) 
band differences (VV - VH) 
Textures 
angular second moment, contrast, correlation, 

dissimilarity, entropy, variance, difference entropy, 
difference variance.

(Li et al. 2020; Nandy 
et al. 2021; Guerra- 
Hern�andez et al. 2022)

02 Sentinel-2 / Landsat 9 Spectral bands: 
NIR / Red / Green / Blue / rededge1 / rededge2 / 

rededge3 / rededge4 / SWIR1 / SWIR2 
Vegetation Indices: 
Normalized Difference Vegetation Index (NDVI) / Soil 

Adjusted Vegetation Index (SAVI) / Simple Ratio 
Vegetation Index (SR) / Optimized Soil Adjusted 
Vegetation Index (OSA) / Green Normalized 
Difference Vegetation Index (GNDVI) / Modified Soil 
Adjusted Vegetation Index (MSAVI) / green 
Chlorophyll Index (CI green)

(Jiang et al. 2022; Moradi 
et al. 2022; Shendryk 
2022)

03 GLO30 DEM DEM / Slope / Aspect (Franks and Rengarajan 
2023)

04 LANDFIRE Data Canopy Bulk Density (CBD), Canopy Base Height (CBH), 
Canopy Cover (CC), Canopy Height (CH), Existing 
Vegetation Cover (EVC), and Existing Vegetation 
Height (EVH)

(Malambo et al. 2023; La 
Puma 2023)

05 NLCD Data Land cover / Tree canopy cover (Tiwari and Narine 2022; 
Dewitz 2023)
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2.2.2.4. GLO30 DEM. The GLO30 DEM, extracted from WorldDEM data acquired 
between 2011 and 2015, is publicly accessible via GEE and was subset to Alabama. 
Subsequently, slope and aspect calculations were performed to serve as predictor variables 
for the analysis (Franks and Rengarajan 2023). The GLO30 DEM has been successfully 
utilized in previous AGB studies, demonstrating its reliability and applicability (Shendryk 
2022). It has also served as a significant contributor to global AGB estimation studies, 
such as the ESA CCI AGB mapping (Santoro and Cartus 2023) and the PlanetScope 
Carbon Monitoring-AGB product (Planet Labs 2024).

2.2.3. Other ancillary data
2.2.3.1. LANDFIRE data. LANDFIRE is an interagency initiative aimed at providing com
prehensive biological, ecological, and geospatial data and databases covering the contigu
ous United States, Alaska, Hawaii, and insular areas (La Puma 2023). It offers consistent 
and detailed maps and data delineating vegetation, wildland fuel, fire regimes, and eco
logical deviation from historical norms across the nation at a 30 m resolution. This study 
utilizes CBD, CBH, CC, CH, EVC, and EVH all of which are appropriate to biomass and 
forest parameters as illustrated in Table 1 (Malambo et al. 2023). La Puma 2023;

2.2.3.2. NLCD land cover and tree canopy datasets. The NLCD serves as an operational 
program for monitoring land cover in the United States, offering updated information 
spanning from 2001 to the present (Dewitz 2023). In our study, we utilized the NLCD 
2021 land cover and tree canopy cover products from the U.S. Forest Service as independ
ent predictor variables in our estimation of AGBD (Tiwari and Narine 2022; Dewitz 
2023).

2.3. Extrapolation of GEDI L4A AGBD

The extrapolation of GEDI L4A AGBD involves the collection of footprints AGBD from 
GEDI L4A, integration of multisource EO data, and performance analysis in GEE. A total 
of sixty predictor variables, sourced from various platforms, were employed for estimating 
AGBD. These variables include 19 from Sentinel-1 derivatives, 18 from Sentinel-2, 13 
from Landsat 9, three from GLO 30 DEM derivatives, six from the LANDFIRE program, 
and one from NLCD land cover. The study aimed to map AGBD for the entirety of 2022. 
However, the available GEDI Version 2.1 Level 4 A footprint-level AGBD datasets in GEE 
provided temporal coverage only until June 9, 2022, which posed potential temporal 
inconsistencies in the analysis. While the rasterized version of the L4A data in GEE 

Table 2. Vegetation indices used for AGBD estimation.

Vegetation index Equation References

CI green CI green ¼ NIRð Þ

GREENð Þ
− 1 (Gitelson et al. 2005)

GNDVI GNDVI ¼ NIR-GREENð Þ

NIRþGREENð Þ
(Gitelson and Merzlyak 1998)

MSAVI MSAVI ¼ 2NIRþ1−ð 2NIRþ1ð Þ
2−8 NIR-REDð ÞÞ

1=2ð Þ
2ð Þ (Qi et al. 1994)

NDVI NDVI ¼ NIR-REDð Þ

NIRþREDð Þ
(Rouse et al. 1974)

OSA OSA ¼ 1:6 NIR-REDð Þ

NIRþREDþ0:16ð Þ

� �
Rondeaux et al. (1996)

SR SR ¼ NIRð Þ

REDð Þ
(Jordan 1969)

SAVI SAVI ¼ 1:5 NIR-REDð Þ

NIRþREDþ0:5ð Þ

� �
Huete (1988) 
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offered a convenient alternative, we prioritized the use of footprint-level AGBD data to 
align with the study’s objectives. To address these limitations, GEDI L4A data was down
loaded from NASA’s Earth data platform, preprocessed locally, and subsequently uploaded 
to GEE for RF model execution and analysis.

To estimate AGBD, we utilized the RF machine learning algorithm, which has proven 
to be both effective and computationally efficient for handling large volumes of remote 
sensing data (Almeida et al. 2019). Further, the RF algorithm has become a popular tool 
in remote sensing due to its robustness to multicollinearity, noise, outliers, and overfitting, 
as well as its strong predictive capabilities for high-dimensional datasets (Belgiu and 
Dr�aguţ 2016). Previous studies underscored the advantage of the RF model for AGB map
ping as a robust machine-learning technique with remote sensing data (Narine et al. 2019; 
Su et al. 2020; Nandy et al. 2021). For instance, Wang et al. (2018) investigated the effect
iveness of different techniques for AGB mapping in Maryland, including a principal com
ponents model, backpropagation artificial neural network, support vector regression 
(SVR), and RF. The study found that machine learning methods outperformed the princi
pal components model, with the RF model performing the best, achieving an R2 of 0.70 
and RMSE of 35.81 Mg/ha. Similarly, Xu et al. (2023) compared multiple linear regression 
(MLR), SVR, and RF for mapping AGB in Quercus Forest in the alpine mountains of 
Yunnan Province, China. The study revealed that the RF model provided the most accur
ate results, with an R2 of 0.91 and RMSE of 17.93 Mg/ha, outperforming the MLR and 
SVR models. In addition to these studies, several other researchers, such as Zhang et al. 
(2014), Shen et al. (2018), and Wang et al. (2024) have compared a range of models for 
AGB mapping in different parts of the world. These studies have consistently concluded 
that the RF model outperforms the other models in terms of accuracy and reliability for 
AGB mapping. Moreover, RF has shown robustness against noise in training samples (Su 
et al. 2020), further solidifying its applicability in AGB mapping in this study. RF operates 
as an ensemble learning method that builds multiple decision trees during training and 
combines their outputs to improve prediction accuracy and reduce overfitting (Freeman 
et al. 2018). A study conducted by Li et al. (2020) showed that extensive hyperparameter 
tuning does not always yield significant accuracy improvements in RF modeling for AGB 
mapping when compared with other machine-learning approaches. RF is robust due to its 
relatively few user-set parameters and it is less sensitive to extensive hyperparameter tun
ing (Freeman et al. 2018). Thus, we employed a ‘model-as-is’ approach for this study, uti
lizing all predictor variables and the default hyperparameters provided by GEE.

GEDI data preprocessing and preparation were conducted locally, and processed data, 
along with other datasets not available in GEE, were manually uploaded to the platform. 
Once the data were loaded into GEE, metadata was reviewed, parameters adjusted, and 
the RF model developed. The AGBD extrapolation was subsequently performed entirely 
within GEE at a 30 m spatial resolution. To compare ecoregion-specific AGB mapping, we 
tested two modeling approaches: (1) a statewide model treating the entire study area as a 
single entity (referred to as Model 1) and (2) ecoregion-specific models developed indi
vidually for each of the six ecoregions (referred to as Model 2). For model training and 
testing, the data were partitioned into 70% for training and 30% for testing. Finally, the 
mapped outputs were downloaded to a local machine, and map preparation and visualiza
tion were conducted using ArcGIS Pro (Esri, 2024).

2.4. Accuracy assessment

To evaluate the accuracy of the AGB estimates derived from our models, we employed a 
set of statistical metrics, including (i) the Pearson correlation coefficient (r), (ii) bias, (iii) 
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relative bias (rbias), (iv) the coefficient of determination (R2), (v). the root-mean-square 
error (RMSE), (vi) mean absolute percentage error (MAPE), and (vii) percentage accuracy 
(PA).

r ¼

Pn
i¼1 xi − xð Þ yi − yð Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1 xi − xð Þ

2Pn
i¼1 yi − yð Þ

2
q (1) 

bias ¼
1
n

Xn

i¼1
ŷ − yið Þ (2) 

rbias ¼
Bias

y

� �

100% (3) 

R2 ¼ 1 −

Pn
i¼1 y − yið Þ

2

Pn
i¼1 yi − yð Þ

2 (4) 

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
y − yið Þ

2
r

(5) 

MAPE ¼
1
n

Xn

i¼1

yi − y
yi

� �

:100 (6) 

PA ¼ 100 − MAPE (7) 

Where xi and yi are the observed values, ŷ are the predicted values, x and y is the 
mean of the observed values, k is the number of predictors or independent variables, and 
n is the number of observations.

2.5. Assessment of statewide AGBD map

The ecoregion-specific AGBD map (30-meter spatial resolution) generated by this study 
using GEDI L4A was compared with two other AGBD data sources: the Forest Inventory 
and Analysis (FIA) plot-level AGBD data (provided as plot-level AGBD estimates with 
associated coordinates and positional uncertainty) (Gray et al. 2012), and the ESA CCI 
AGBD product, available at a 100-meter spatial resolution (Santoro and Cartus 2023).

Initially, we employed data obtained from the FIA program, spanning from 2013 to 
2023, to minimize the temporal gap between estimated AGBD maps and FIA measure
ments. However, due to ecological integrity and security concerns, the accurate locations 
of these plots are displaced by approximately one mile, making direct assessment of 
AGBD impractical. Consequently, we aggregated FIA plot data by computing the average 
AGBD at the county level for comparison. We then compared this county-level aggre
gated FIA with the average AGBD derived from our study, which was masked to forests 
(NLCD classes: deciduous forest, evergreen forest, mixed forest, and woody wetland) 
based on the 2021 NLCD (Dewitz 2023). It is important to note that the ‘FIA AGBD ‘ 
referred to here is not a pre-existing product, but an aggregated dataset created specific
ally for this study. Additionally, we utilized the most recent globally available ESA CCI 
AGBD dataset from 2020 as a secondary reference for comparison (Shendryk 2022; 
Hunka et al. 2023; Bhat et al. 2024). The CCI map was masked to the geographic extent 
of the state of Alabama and re-projected to a uniform frame of reference (NAD 1983 
Albers Contiguous USA). We selected forest-only pixels by adhering to the CCI and 
NLCD guidelines, aggregated the CCI data to the county level, and compared estimates 
with the county-level aggregated predicted forest AGB from this study.
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3. Results

3.1. Comparison of GEDI-derived AGBD from ecoregion-specific and statewide 
models

As depicted in Figure 5, the accuracy metrics produced using withheld test data indicate 
superior performance of model 2 (r: 0.46 − 0.87, rbias: −5.73% - −3.24%, R2: 0.20 − 0.71, 
and RMSE: 66.67 Mg/ha − 48.99 Mg/ha) compared to model 1 (r: 0.64, rbias: −3.86%, R2: 
0.41, and RMSE: 62.09 Mg/ha). Notably, the model 2 exhibited varied R2 and RMSE values 
across different ecoregions, with the southern coastal region showing suboptimal perform
ance (r: 0.46, rbias: −5.73%), primarily attributed to insufficient number of samples (n) for 
analysis and the inherent characteristics of the land cover which includes estuaries, salt 
marshes, lagoons, bayous, river deltas, and wetlands (Bouasria et al. 2023; USFWI 2024).

We observed that all models experienced both overestimation and underestimation. 
Specifically, as depicted in Figure 5, the predicted AGBD values tended to be higher than 
the actual values when AGBD was low (AGBD � 100 Mg/ha) and lower than the actual 
values when AGBD was high (AGBD � 300 Mg/ha). This pattern indicates that, despite 
leveraging multi-sensor dataset synergy to minimize estimation errors, the models still 
overestimate AGBD at lower values and underestimate it at higher values. These discrep
ancies, characterized by overestimation at low AGBD and underestimation at high AGBD, 
are consistent with findings from other studies utilizing GEDI (e.g. Shendryk (2022), Jia 
et al. (2023), Dong et al. (2023), and Lutz et al. (2024)). In sparsely vegetated regions, pre
dictor variables such as spectral reflectance or terrain metrics may suggest the potential 
presence of biomass, leading to small positive biomass predictions even when GEDI 
reports zero biomass. Additionally, GEDI’s lidar signals often saturate dense forests, limit
ing sensitivity to high biomass values and contributing to underestimation in regions with 
high AGBD (Li et al. 2024). These trends highlight challenges in model generalization in 
low-biomass regions, saturation effects in high-biomass areas, and persistent biases in the 
training data. Such observations underscore the inherent complexities of biomass estima
tion using GEDI data and machine-learning techniques.

The relative variable importance graph highlighted the predictors’ effect on model 
enhancement across the six ecoregions. We generated six separate variable importance 
graphs using GEE and, for better representation, combined them into a single variable 
importance graph using Python, as shown in Figure 6. The results revealed that variables 
from the LANDFIRE program outperformed other predictors, underscoring the signifi
cance of LANDFIRE data in AGBD estimation. Their consistently high importance across 
all ecoregions suggests that land cover and vegetation-related features, particularly 
LANDFIRE data, provide critical contextual information that improves AGBD model pre
dictions by refining biomass characterization at regional scales. The LANDFIRE layers are 
developed using predictive landscape models that integrate field-based measurements, sat
ellite imagery, and biophysical gradient data through classification and regression tree 
techniques (La Puma 2023). Among these layers, the most influential predictor in this 
analysis is the EVC and EVH. EVC quantifies the vertical projection of live canopy cover 
at a 30 m resolution and provides estimates for different vegetation types, including trees, 
shrubs, and herbaceous cover. Further, EVH represents the average height of the domin
ant vegetation for a 30 m spatial resolution. These estimates are derived using a combin
ation of ground-based visual assessments at plot levels, lidar-derived canopy observations, 
and spatially explicit geospatial layers (Rollins 2009). Furthermore, previous studies have 
demonstrated the value of integrating LANDFIRE data with remote sensing-derived pre
dictors for forest-related analyses (Malambo et al. 2023). Additionally, variables such as 
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Figure 5. Scatter plot of estimated vs withhold AGBD in Mg/ha (a) performance of model 1. And (b) the performance 
of model 2.

Figure 6. Variable importance at each ecoregion for all predictor variables.
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terrain metrics (e.g. slope, elevation), SAR predictors (e.g. VV, ratio), and spectral bands 
like red and SWIR2 play supporting roles in capturing spatial variability in biomass across 
diverse landscapes. These predictors complement the dominant structural variables by 
integrating environmental gradients and spectral responses, which provide additional 
information on vegetation condition, distribution, and biomass accumulation.

The AGBD map in Figure 7 illustrates the 30 m AGB estimates derived from model 2, 
with an AGBD range of 32.44 Mg/ha to 424.16 Mg/ha. The map reflects spatial variations 

Figure 7. Predicted forest AGBD map for year 2022 at 30 m spatial resolution by ecoregion-specific modeling 
approach.
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in biomass across the state, highlighting differences in vegetation density and structure 
among ecoregions. The model to predict the highest AGBD value at 424.16 Mg/ha may 
stem from saturation effects in the lidar-derived GEDI data, where the signal loses sensi
tivity in densely vegetated regions with high biomass (Li et al. 2024). Additionally, the 
limited representation of high biomass samples in the training dataset likely influenced 
the model’s predictive performance in this range, as machine learning models tend to 
underperform when extrapolating beyond the range of observed data. Despite that, the 
map demonstrates the effectiveness of using ecoregion-specific models to capture biomass 
variability at a fine spatial resolution. By integrating structural predictors such as 
LANDFIRE-derived vegetation layers (e.g. EVC, EVH), terrain metrics, and spectral varia
bles, the model provides a spatially explicit and ecologically meaningful representation of 
AGBD distribution. These results underscore the importance of structural and environ
mental variables in improving AGBD estimates and highlight the potential of GEDI data 
combined with EO predictors for regional forest biomass mapping.

3.2. Comparison of mapped AGBD with Forest inventory data and a globally 
available AGBD product

To demonstrate the applicability of our estimated AGBD, we compared the final output 
map with FIA data and CCI AGBD products. Since the basis of our analysis is open-source 
EO data for AGBD estimation, we employed freely available open-access data for this pur
pose. First, we compared mean AGBD between county-aggregated FIA plot data and esti
mated AGBD by this study yielded a correlation of 0.76, with a rbias of 23.25%, as 
illustrated in Figure 8a. Furthermore, county-aggregated CCI AGBD and estimated AGBD 
by this study yielded a correlation of 0.63, and a rbias of 14.53% as depicted in Figure 8b.

4. Discussion

Spaceborne lidar-derived variables play a crucial role in enhancing the accuracy of map
ping the distribution of AGB by capturing forest structural characteristics (Silva et al. 
2021). GEDI offers a range of vegetation-related measurements, including AGB, ground 
elevation, and canopy cover (Dubayah et al. 2022b). These variables have been utilized as 

Figure 8. (a) Scatterplot showing the relationship between county-level aggregated mean FIA-derived Forest AGBD 
and the Forest AGBD estimated in this study. (b) Comparison of county-level aggregated Forest AGBD derived from 
the CCI product with the mapped Forest AGBD from this study.
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either predictors (e.g. GEDI L2A) or response variables (e.g. GEDI L4A) in mapping AGB 
(Shendryk 2022; Tamiminia et al. 2022; Mohite et al. 2024). Here we implemented GEDI 
L4A as the response variable in the AGB mapping and incorporated several filtering tech
niques aimed at enhancing the quality of the footprint AGBD, as recommended by prior 
research (Kellner et al. 2022; Shendryk 2022; Bruening et al. 2023). Noteworthy is the sig
nificant reduction in the GEDI AGBD samples following the filtering process. This under
scores the importance of augmenting the number of samples for upscaling AGB, ensuring 
greater representativeness and accuracy. To address this data loss, future studies could 
explore methods of data fusion using ICESat-2 and GEDI datasets to enhance data density 
in canopy height estimation. Such approaches may potentially improve AGBD estimation 
accuracy.

Utilizing a combination of optical, SAR, and lidar data along with ancillary data as pre
dictor variables, we accessed a substantial range of data for AGB estimation. Studies con
ducted in forests of the southern US also emphasize the importance of considering a 
range of variables that capture the high variability of growth patterns in multi-species for
ests (Brown et al. 2022). For example, Li et al. (2020) demonstrated that the synergy of 
multiple sensor datasets significantly improves AGB estimates. When combining Landsat- 
8 and Sentinel-1A data, the model achieved an R2: 0.20 − 0.71, and RMSE: 66.67 Mg/ha − 
48.99 Mg/ha, outperforming results from using individual datasets. Specifically, using 
Landsat-8 alone resulted in an R2 of 0.66 and an RMSE of 20.91 Mg/ha, while Sentinel-1A 
alone achieved a lower R2 of 0.38 and an RMSE of 26.79 Mg/ha. This highlights the bene
fit of integrating optical and SAR data to enhance the accuracy of AGB estimates. 
Similarly, Liu et al. (2024) reported that integrating Sentinel-2 and environmental data 
resulted in an R2 of 0.75 and an RMSE of 23.60 Mg/ha. Their approach incorporated 
multi-sensor datasets (e.g. Sentinel-1, Sentinel-2, and PALSAR) alongside environmental 
variables such as climate, topography, soil properties, and disturbance, demonstrating the 
value of a comprehensive data integration strategy. Consistent with these findings, we 
incorporated data from a wide range of sources (e.g. Sentinel-1, Sentinel-2, Landsat 9, 
GLO 30 DEM derivatives, LANDFIRE, and NLCD) related to forest characteristics to 
effectively capture the complexity of southern mixed forests in AGBD estimation. The 
majority of data is directly sourced from GEE, obviating the need for manual uploading 
and processing. This accessibility not only expedites our analytical processes but also capi
talizes on GEE’s infrastructure, which adeptly manages a larger volume of data through 
efficient parallel processing across multiple servers.

The implementation of two modeling approaches: one that treated the entire state as a 
single entity and another that applied an ecoregion-specific strategy highlighted the 
importance of an ecoregion-specific approach, which led to improved prediction accuracy. 
Global biomass products like GEDI and CCI provide valuable broader-scale AGB infor
mation nevertheless face challenges in capturing finer-scale spatial and temporal variabil
ity due to factors such as climate zones, terrain complexity, forest types, and stand 
density (Bruening et al. 2023; Hunka et al. 2023; Guerra-Hern�andez et al. 2024). This 
study highlights the need for an ecoregion-specific approach that accounts for the distinct 
conditions of each ecological region and emphasizes the importance of regional AGB esti
mation (Guerra-Hern�andez et al. 2024). Our ecoregion-specific approach demonstrated 
notable accuracy and exhibited generalization capabilities, making it applicable to diverse 
extents within the studied ecoregions.

The RF machine learning algorithm played a key role in this process, given its capabil
ity to handle large datasets, account for complex interactions among variables, and pro
duce reliable predictions by aggregating the outputs of multiple decision trees, thereby 
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reducing overfitting and enhancing model performance (Zhang et al. 2014; Shen et al. 
2018; Wang et al. 2018; Xu et al. 2023; Wang et al. 2024). RF’s consistent superiority over 
other modeling techniques in AGB mapping has been demonstrated in several studies. 
For example, Wang et al. (2018) compared various techniques for AGB estimation and 
reported that the RF model achieved an R2 of 0.70 and an RMSE of 35.81 Mg/ha, outper
forming methods like SVR and MLR. Similarly, Xu et al. (2023) evaluated RF against 
MLR and SVR, finding that RF provided the most accurate results with an R2 of 0.91 and 
an RMSE of 17.93 Mg/ha. Consistent with these findings, our study obtained the highest 
accuracy an R2: 0.71 and RMSE: 48.99 Mg/ha for the Ridge and Valley ecoregion among 
six ecoregions. Moreover, previous AGB mapping efforts that utilized GEDI L4A as a 
response variable typically achieved spatial resolutions between 100 m and 200 m. Our 
study advances this by generating a statewide AGBD at 30 m spatial resolution. This reso
lution enhances the map’s utility for ecological and resource management applications by 
capturing more localized spatial variability in biomass.

The accuracy of our study is influenced by multiple factors related to the complexity of 
mixed forest structure, characterized by a diverse overstory and understory native to the 
southern USA (Batista and Platt 1997; Hanberry et al. 2019). These factors present chal
lenges in capturing both spectral and structural diversity, ultimately affecting AGB estima
tion. Mixed forests, composed of various tree species with different canopy architectures, 
heights, and foliage densities, create intricate vertical structures that complicate AGB esti
mation (Brown et al. 2022). The structural complexity introduces shadowing effects in EO 
data, leading to biases in spectral indexes, indicators, and spectral properties (Freitas et al. 
2022). Furthermore, this structural complexity in mixed forests poses challenges for lidar, 
which may struggle to accurately capture canopy heterogeneity and understory characteris
tics, thereby reducing model performance (Shao et al. 2018). In addition, the spectral diver
sity also contributes to the complexity of AGB estimation in mixed forests. The spectral 
reflectance characteristics of different species vary due to differences in leaf shape, size, pig
ment concentration, and moisture content (Gates et al. 1965). These variations affect the 
accuracy of EO-based AGB estimation. Moreover, saturation at high biomass levels, particu
larly in dense mixed forests in Alabama, limits the ability to estimate AGB effectively with 
EO data. For example, previous studies have reported saturation values of approximately 
159 Mg/ha for pine forests and 152 Mg/ha for mixed forests (Zhao et al. 2016). While lidar 
is widely employed to mitigate biomass estimation saturation by incorporating structural 
metrics (e.g. canopy height) as predictor variables (Guo et al. 2008; Mutanga et al. 2023), 
our study adopts an alternative approach by utilizing spaceborne lidar-derived AGBD 
(GEDI L4A) as the response variable, with multispectral and SAR datasets as predictors. 
This inversion of the conventional framework emphasizes the advantages of spaceborne 
lidar-derived AGBD but there are still challenges when extrapolating wall-to-wall AGBD 
estimates using other EO datasets. In addition, the heterogeneous nature of southern mixed 
forests results in mixed pixels, which tend to generalize spatial coverage and fail to capture 
fine-scale spectral variations unlike pure forest stands (Bolyn et al. 2022). This spectral mix
ing further complicates the accurate estimation of AGB using remote sensing techniques 
(Lin et al. 2024). Collectively, these variations reduce the predictive power of the model, 
thereby affecting the overall accuracy of AGB estimation. Despite these challenges, our esti
mated AGB achieved a correlation of 0.76 with FIA data, with a rbias of 23.25%, and a cor
relation of 0.63 with CCI AGBD, with a rbias of 14.53%.

Previous studies have highlighted several limitations of GEDI L4A data in estimating 
AGBD. For instance, research conducted by Jia et al. (2023) evaluated the accuracy of GEDI 
L4A using co-registered airborne lidar surveys collected from 2018 to 2019 and 
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corresponding AGBD plots at 19 sites of the National Ecological Observatory Network 
(NEON). Their analysis revealed that GEDI L4A generally underestimates (e.g. 14 out of the 
19 sites) AGBD relative to NEON observations, showing a bias of −31.65 Mg/ha. 
Additionally, moderate relative errors, ranging from 19% to 50% (%RMSE), were observed 
at most sites. The study suggests that relying solely on relative heights as predictors in GEDI 
L4A might limit its ability to account for horizontal structural diversity and the vertical 
complexity of tree canopies. Furthermore, Bruening et al. (2023) explored discrepancies and 
outlined precautions regarding GEDI L4A estimates compared to FIA data across the USA. 
The study highlighted systematic differences between GEDI and FIA estimates, noting over
estimations in eastern deciduous forests and underestimations in mixed or predominantly 
conifer forests in regions such as Maine, the southwestern USA, and the Sierra and Cascade 
Mountain ranges. The mean difference across hexagons was calculated as −10.48 Mg/ha, 
with an RMSD of 27.99 Mg/ha. The implementation of the scale-invariant small area (SISA) 
estimation framework and an enhanced filtering approach significantly reduced bias by 
86.7%, with 19.3% attributed to improved filtering and 67.5% to the SISA models. 
Generally, as previous studies showed AGBD tends to be overestimated at lower levels and 
underestimated at higher levels (e.g. Shendryk (2022), Jia et al. (2024), Dong et al. (2023)). 
Since FIA data represents a range of 0 Mg/ha to 160 Mg/ha, this discrepancy might be due 
to the overestimation of lower AGB values. Despite this, our comparisons showed good cor
relation and low bias with FIA data (r of 0.76, a rbias of 23.25%). Further, comparisons with 
the global CCI product yielded moderate correlation and low relative bias (r of 0.63, and 
rbias of 14.53%). The open source-based validation approach provides valuable insights for 
future remote sensing endeavors, emphasizing discrepancies among AGB products from 
various platforms. As a result, it emphasizes the need for continued research to refine meth
odologies for generating harmonized AGB products (Hunka et al. 2023).

The open-source nature of our data, modeling, and analysis platform highlights the sig
nificance of this study in promoting open science. A key advantage of the proposed meth
odology is its reproducibility and shareability, made possible through GEE, allowing for 
easy modification and adaptation for AGB estimation. Further research will entail the 
application of this workflow to assess annual changes in AGBD and the development of a 
robust monitoring framework. Our findings underscore the critical role of data accessibil
ity, streamlined analysis, and shareability offered by cloud computing platforms like GEE 
in advancing future AGB estimation efforts.

5. Conclusion

This study presents an ecoregion-based RF modeling framework within a cloud comput
ing platform to map AGBD at a 30 m grid size, using unique characteristics of GEDI L4A 
data as the response variable while contributing to the growing body of literature on bio
mass mapping. The results demonstrate that ecoregion-specific models provide improved 
spatial accuracy and reduced bias compared to a statewide modeling approach, validating 
the effectiveness of incorporating ecological variability into biomass modeling with GEDI 
data. Alignment between our AGBD estimates and benchmark datasets, including the CCI 
AGB maps and FIA data, was observed (FIA data: correlation of 0.76, rbias: 23.25%, and 
CCI data: correlation 0.63, rbias: 14.53%). Despite these promising findings, limitations 
remain, particularly regarding underestimation and overestimations, differences in tem
poral coverage across datasets, and data loss with GEDI filtering. Thus, future studies 
should explore the integration of additional predictors and extend temporal analyses to 
improve biomass estimation further. Nevertheless, findings underscore the value of GEDI 
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data for broad-scale forest monitoring and provide a foundation for advancing biomass 
estimation methodologies in support of global carbon cycle assessments and climate 
change mitigation strategies.
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