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Abstract 
Accurate estimation of aboveground biomass (AGB) at regional scales remains 
challenging, particularly in diverse ecosystems like Zambia. This study devel-
oped an integrated approach combining spaceborne LiDAR (GEDI), synthetic 
aperture radar (Sentinel-1), and multispectral (Sentinel-2) measurements to 
generate footprints of 25 m diameter, 10 and 20 meter resolution maps of AGB 
across Zambia. Random Forest (RF) regression was employed to establish re-
lationships between GEDI AGB product and Sentinel’s variables. Feature im-
portance analysis revealed that Near-Infrared (NIR) and Shortwave Infrared 
(SWIR) bands were the most significant predictors, particularly in arid regions. 
The model performance varied significantly across different land cover types, 
with R2 values of 0.453, 0.178, and 0.054 for Savanna, Grasslands, and Woody 
savanna, respectively. However, the overall model validation showed moderate 
performance with R2 of 0.508 for AGB estimation. While these results demon-
strate the potential of multi-sensor data integration for large-scale vegetation 
structure monitoring, they also highlight the challenges in achieving consistent 
accuracy across heterogeneous landscapes. Future research should focus on en-
hancing model performance through improved calibration strategies, better in-
corporation of ecosystem-specific characteristics, and collection of reliable 
ground measurements. 
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1. Introduction 

Accurate estimation of aboveground biomass (AGB) is crucial for understanding 
terrestrial carbon dynamics and supporting climate change mitigation efforts. 
These structural parameters serve as key indicators of forest ecosystem health, 
carbon sequestration capacity, and biodiversity (Harris et al., 2021; Lefsky et al., 
2005). Traditional field-based methods, while accurate, are resource-intensive and 
impractical for large-scale assessments, particularly in regions with extensive veg-
etation coverage like Wulder & Coops (2018). 

Zambia presents a critical case for vegetation monitoring, with approximately 
59% of its land area covered by forests that are vital for biodiversity conservation, 
livelihoods, and carbon sequestration (Vincent et al., 2019; Hubau et al., 2020). 
However, the country faces one of the world’s highest deforestation rates, driven 
by agricultural expansion, charcoal production, and infrastructure development 
(McNicol et al., 2019, 2020; Chidumayo, 2020). Limited availability of accurate 
and spatially explicit data on AGB hinders effective forest management and car-
bon stock monitoring (Ryan et al., 2019). Furthermore, the complex structure of 
Miombo woodlands, characterized by seasonal variability, diverse canopy arrange-
ments, and high carbon storage potential poses unique challenges for remote sens-
ing-based assessments (Borrelli et al., 2020). Remote sensing has revolutionized 
forest structure assessments through its diverse sensor technologies and broad 
coverage capabilities. The integration of active sensors (LiDAR and Synthetic Ap-
erture Radar) and passive sensors (multispectral imagery) provides complemen-
tary data streams for comprehensive forest monitoring (Lu et al., 2018; Tang et 
al., 2019). Among these, spaceborne LiDAR, such as NASA’s Global Ecosystem 
Dynamics Investigation (GEDI), has emerged as a critical tool for canopy height 
estimation (Dubayah et al., 2020). However, challenges such as spatial disconti-
nuity and saturation in high-biomass regions limit its standalone utility (Simard 
et al., 2019; Bullock et al., 2020). Sentinel-1’s radar capabilities excel in identifying 
large-scale forest structures with all-weather observation capacity, while Sentinel-
2’s multispectral data enables detailed characterization of forest types and vegeta-
tion conditions (Tamiminia et al., 2018; Bayle et al., 2019). The integration of these 
complementary datasets, enhanced by advanced machine learning techniques 
such as Random Forest regression, addresses the limitations of individual sensors 
and enables accurate, scalable wall-to-wall mapping of AGB (Avitabile et al., 2019; 
Gupta et al., 2022). 

Previous studies have demonstrated the potential of multi-sensor integration 
for forest parameter estimation. A case study in New York State further validated 
the integrated approach by combining GEDI, Sentinel-1, and Sentinel-2 data us-
ing Random Forest algorithms. Their model, trained on 1.5 million data points, 
achieved impressive results with R2 values of 0.74 for 10-meter resolution canopy 
height estimates and 0.65 for AGB mapping (RMSE = 39.49 Mg/ha) (Bayle et al., 
2019). However, most of these studies have focused on temperate or dense tropical 
forests, with limited applications in seasonally dry woodland ecosystems like those 
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found in Zambia, highlighting a significant research gap in these important eco-
logical zones. 

The integration of these datasets presents several methodological challenges. 
GEDI’s sparse spatial coverage requires sophisticated interpolation techniques, 
while Sentinel-1’s radar backscatter is influenced by soil moisture and surface 
roughness. Sentinel-2 data, though valuable for vegetation analysis, is frequently 
affected by cloud cover (Torres et al., 2012; Drusch et al., 2012). Recent machine 
learning approaches, particularly Random Forest regression, have shown promise 
in addressing these challenges by effectively combining multiple data sources and 
handling complex non-linear relationships (Gupta et al., 2022). 

The integration of GEDI, Sentinel-1, and Sentinel-2 datasets presents several 
significant methodological challenges in estimating above-ground biomass den-
sity (AGBD). GEDI, while providing precise lidar-derived measurements of ver-
tical forest structure, suffers from sparse spatial coverage due to its sampling de-
sign along the International Space Station’s orbital paths, leading to gaps in data 
that require interpolation or fusion with other sources (Dubayah et al., 2020). Sen-
tinel-1’s radar backscatter data, though useful for capturing vegetation structure, 
is sensitive to external factors like soil moisture, surface roughness, and vegetation 
density, which can introduce noise and complicate its interpretation for biomass 
estimation (Torres et al., 2012). Similarly, Sentinel-2’s optical multispectral data 
is affected by cloud cover, especially in tropical and subtropical regions, requiring 
advanced cloud masking and atmospheric correction techniques (Drusch et al., 
2012). These challenges are further compounded by the need to align different 
spatial and temporal resolutions and manage varying spectral and radiometric 
characteristics across datasets. This study aims to develop an integrated approach 
for estimating AGB across Zambia by combining GEDI, Sentinel-1, and Sentinel-
2 data. Specifically, we seek to: 1) develop and validate a methodology for gener-
ating high-resolution (25 m diameter, 10 m and 20 m maps of AGB; 2) assess the 
relative importance of different remote sensing variables in predicting forest 
structural parameters across various ecosystem types; and 3) evaluate the model’s 
performance across Zambia’s diverse landscapes. Our research addresses critical 
gaps in current vegetation monitoring capabilities in Southern Africa. By devel-
oping and validating methods specifically tailored to Zambia’s ecosystems, this 
study contributes to improved understanding of forest structure dynamics in sea-
sonally dry woodlands. The resulting methodology and products will support sus-
tainable forest management, carbon stock monitoring, and conservation efforts in 
Zambia and similar ecosystems across Africa. 

2. Data and Methods 
2.1. Study Area 

The study area for this research is Zambia, a landlocked country situated in south-
central Africa (Figure 1). Located between the longitudes of 22˚ E and 33˚ E and 
latitudes of 8˚ S and 18˚ S, it covers approximately 752,618 km2. The country’s 
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diverse topography, with an average altitude of 1200 m, encompasses plateaus, 
valleys, and highlands, supporting varied vegetation types that cover about 66.5% 
(450,000 km2) of the total land area. 

Zambia experiences a tropical savanna climate characterized by three distinct 
seasons: cool-dry, hot-dry, and rainy (November to April). The average annual 
rainfall is approximately 1000 mm, varying between 700 mm in lowland areas and 
up to 1500 mm in the highlands, with the northern regions receiving the highest 
rainfall, exceeding 1400 mm annually. This climatic variation, combined with 
topographical diversity, creates distinct vegetation patterns across the country. 
Northern Zambia is dominated by dense miombo woodlands, primarily com-
posed of Brachystegia and Julbernadia species, while the southern and eastern re-
gions transition into grasslands and sparsely wooded areas. The vertical distribu-
tion of vegetation is evident in elevated regions, were changes in altitude influence 
species composition and canopy characteristics. The integration of remote sens-
ing technologies such as GEDI, Sentinel-1, and Sentinel-2 in this study offers a 
unique opportunity to provide accurate and scalable assessments of aboveground 
biomass (AGB) and forest canopy height across Zambia, which is crucial for sus-
tainable forest management and conservation. 

 

 
Figure 1. (a) Location of Zambia in Africa, (b) elevation of Zambia with the highest elevation of 
2283 m and lowest elevation of 327 m, (c) land covers of Zambia mainly covered by savanna lands, 
grasslands, woody savanna, Deciduous forests and mixed forests. 
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Zambia’s land cover in (Table 1) above is dominated by savannas (340,830 km2) 
and grasslands (205,914 km2), with significant coverage of woody savannas 
(94266.2 km2) and deciduous broadleaf forests (35327.20 km2). Mixed forests oc-
cupy 51824.2 km2, while evergreen broadleaf forests are limited to 3553.75 km2. 
Notably, evergreen needleleaf forests are exceptionally rare at just 13.25 km2, and 
open shrublands cover only 607.5 km2 (Ministry of Lands and Natural Resources, 
Zambia, 2023; based on MODIS Land Cover data at 500 m resolution). These fig-
ures highlight Zambia’s prevalence of seasonal tropical ecosystems, with less than 
0.1% of total land area comprising needleleaf forests, likely representing planta-
tion outliers or classification artifacts in this predominantly savanna-dominated 
region. 

 
Table 1. Land cover percentage. 

Code Type Area (km2) Percentage 

1 Evergreen Needleaf Forest 13.25 0.0018% 

2 Evergreen Broadleaf Forest 3553.75 0.4703% 

3 Savanna 340,830 45.1050% 

4 deciduous Broadleaf Forest 35327.2 4.6752% 

5 Mixed Forest 51824.2 6.8583% 

6 Grassland 205,914 27.2504% 

7 Open shrublands 607.5 0.0804% 

8 Woody savanna 94266.2 12.4751% 

2.2. Data 

The study integrates three primary datasets: GEDI level 4B, Sentinel-1, and Senti-
nel-2, accessed through Google Earth Engine for Zambia in 2020. The prepro-
cessed data from all three sensors was integrated to leverage their complementary 
strengths: GEDI’s vertical structure measurements, Sentinel-1’s backscatter infor-
mation, and Sentinel-2’s spectral information. This integration forms the founda-
tion for robust estimations of forest structural attributes (Duncanson et al., 2021). 

The input dataset was created by merging “GEDI level 4B, S1 and S2 data 
(Dubayah et al., 2022) which is provided by National Aeronautics Space Admin-
istration (NASA) for the year 2020 at 10 m resolution through Google Earth En-
gine” for the Study area Zambia.  

2.2.1. GEDI  
GEDI, a full-waveform LiDAR system mounted on the International Space Sta-
tion, provides high-resolution data of forest vertical structure and canopy height 
(Kellner et al., 2023). The system employs three lasers emitting 242 pulses per sec-
ond, creating 25 m diameter footprints to generate forest canopy profiles (Qi & 
Dubayah, 2016). For this study, we utilized the GEDI L4B dataset, specifically fo-
cusing on the “Mean Biomass Density”, which estimates biomass in Mg/ha. The 
data was clipped to Zambia’s boundaries and quality-filtered using sensitivity 
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metrics to ensure reliable observations. 

2.2.2. Sentinel-1 Imagery 
Sentinel-1’s Synthetic Aperture Radar (SAR) operates in C-band (5.405 GHz) with 
dual polarization (VV and VH) in interferometric wide swath mode. We utilized 
Level-1 Ground Range Detected (GRD) products at 10 m spatial resolution, col-
lected from July and August of 2020. The data acquisition employed two polari-
zation combinations: vertical transmit/vertical receive (VV) and vertical trans-
mit/horizontal receive (VH) at 20 m resolution (Table 2). 

 
Table 2. Dataset. 

Satellite Band name spatial resolution (m) 

Sentinel-1 Co-polarized 20 

 Cross-polarized (VH) 20 

Sentinel-2 Blue (B) 10 

 Green (G) 10 

 Red (R) 10 

 NIR 10 

 Red edge 1 20 

 Red edge 2 20 

 Red edge 3 20 

 Red edge 4 20 

 SWIR 1 20 

 SWIR 2 20 

Elevation DEM 30 

2.2.3. Sentinel-2 Imagery 
The Sentinel-2A and Sentinel-2B satellites include the multispectral instrument 
(MSI) and this satellite circles the globe at a height of 786 km, the multispectral 
sensor possesses a 20.6˚ field of view equating it to an image swath width of about 
290 kilometres (Claverie et al., 2018). The Sentinel-2 consists of 13 spectral bands 
(Table 2) that encompass most areas of the electromagnetic spectrum, it has var-
iations of spatial resolution per spectral band that range from 10 m for visible 
bands to 60 m for atmospheric bands. This article initially collected S2 pictures 
from June to August 2020 via the GEE platform. A cloud mask in Google Earth 
Engine was subsequently used to provide cloud-free photos. Subsequently, the vis-
ible, near-infrared (NIR), shortwave infrared-1 (SWIR-1), shortwave infrared-2 
(SWIR-2), and red-edge bands were extracted. 

2.2.4. Data Preprocessing  
Google Earth Engine (GEE) was used to preprocess and integrate GEDI, Sentinel-
1, and Sentinel-2 data for estimating Aboveground Biomass Density (AGBD) in 
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Zambia. Preprocessing GEDI, Sentinel-1, and Sentinel-2 data in Google Earth En-
gine (GEE) is a vital step in deriving accurate above-ground biomass density 
(AGBD) estimations, leveraging the complementary strengths of these datasets. 
GEDI data preprocessing focused on ensuring the reliability of vertical canopy 
metrics. This involved rigorous quality assurance filtering using sensitivity met-
rics to retain only the most reliable observations of forest structure (Dubayah et 
al., 2020).  

Sentinel-1 synthetic aperture radar (SAR) data preprocessing steps included 
thermal noise removal, radiometric calibration, and terrain correction to ensure 
accurate backscatter values in VV and VH polarizations, which are indicative of 
vegetation structure (Torres et al., 2012). For Sentinel-2 multispectral imagery, 
cloud masking, atmospheric correction for surface reflectance, and resampling to 
align with GEDI and Sentinel-1 spatial resolutions were undertaken and are crit-
ical. These preprocessing steps ensure consistency, minimize errors, and allow for 
the seamless integration of datasets, forming the foundation for robust estima-
tions of forest structural attributes in GEE. 

Calibration involved training a Random Forest model using GEDI-derived 
AGBD as reference, with predictor variables including Sentinel-1 backscatter (VV, 
VH) and Sentinel-2 vegetation indices. In the absence of field data, this study re-
lied entirely on GEE-processed remote sensing data (GEDI, Sentinel-1/2) for AGBD 
estimation across Zambia’s savannas, grasslands, and woody savannas. Site-spe-
cific adaptations involved stratifying GEDI samples by ecoregion, the dependence 
on only 50 pre-selected GEDI samples raises concerns about representativeness, 
particularly for Zambia’s diverse vegetation structures, highlighting the critical 
need for future field campaigns to validate and refine these satellite-derived esti-
mates, especially in transition zones between biomes. 

2.3. Random Forest Model 

The Random Forest (RF) algorithm is widely recognized for its applicability in 
diverse domains, including environmental modeling, remote sensing, and for-
estry, due to its robustness, flexibility, and ability to handle complex datasets. As 
an ensemble learning method, RF constructs multiple decision trees during train-
ing and averages their outputs, reducing the risk of overfitting and enhancing 
model stability (Breiman, 2001). This characteristic makes it particularly suitable 
for tasks like estimating above-ground biomass density (AGBD), where data often 
exhibit high variability and non-linear relationships. One of the strengths of RF is 
its ability to handle both numerical and categorical variables without requiring 
extensive preprocessing, such as normalization or transformation. Additionally, 
it effectively manages missing data and is resistant to noise, making it an ideal 
choice for real-world datasets like those derived from GEDI, Sentinel-1, and Sen-
tinel-2, which may have inconsistencies or gaps. 

The RF algorithm’s feature importance metric aids in identifying the most in-
fluential variables, allowing researchers to optimize input datasets and interpret 
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model results more effectively. However, RF is computationally intensive for large 
datasets and may require substantial processing power when applied to national 
or global scales, such as modeling forest attributes across Zambia or other coun-
tries. 

Despite its many advantages, RF models can be prone to overfitting if parame-
ters such as the number of trees, maximum depth, and minimum sample splits 
are not carefully tuned. Additionally, RF models are non-parametric and inher-
ently opaque, which can limit their interpretability compared to simpler models.  

In our Random forest modelling the input parameters included the number of 
trees set at 50, this determines the ensemble size, with more trees generally im-
proving stability and reducing variance, albeit at the cost of increased computa-
tional time (Breiman, 2001), a 70/30 minimum sample split was implemented 
and it indicates that 70% of the data is used for training and 30% for testing, 
ensuring sufficient data for model learning and robust evaluation and Maximum 
depth of 12, a parameter limiting the depth of individual decision trees, prevents 
overfitting by controlling model complexity, especially in large datasets with high 
variability.  

Random Forest parameter selection in Google Earth Engine (GEE) for AGBD 
estimation required careful optimization to account for Zambia’s savannas, grass-
lands, and woody savannas. Key parameters included setting a high number of 
treesat 50 to stabilize predictions across diverse ecosystems, adjusting variables 
per split to balance feature selection, to preventing overfitting the limited 50-sam-
ple GEDI dataset. 

3. Results  

Figure 2 shows the Random Forest Variable Importance for Savanna’s (a), woody 
savannas (b), grasslands (c) and overall Zambia (d) and the dominance B12 has 
on all ecoregions. 
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Figure 2. Random forest variable importance. 
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Figure 3 observed vs. predicted values for training data 1) savanna R2 0.743, 2) 
grassland R2 0.769, 3) woody savanna R2 0.791 and Zambia AGBD, 4) R2 0.836. 

Figure 4 shows the predicted vs observed values for Validation data in Zambia 
for (a) Savanna’s R2 0.458 (b) Grasslands R2 0.178 (c) wood savanna’s R2 0.054 (d) 
AGBD R2 0.508. 

The mean Aboveground Biomass Density (AGBD) values reveal clear differ-
ences in carbon storage across vegetation types of Zambia, with woody savannas 
(57.26 Mg/ha) having the highest biomass due to their dense woody cover, fol-
lowed by savannas (26.83 Mg/ha), which mix grasses and trees, and grasslands 
(13.12 Mg/ha), which store the least due to their lack of woody vegetation. The 
standard deviations highlight variability within each type: savannas (27.53 Mg/ha) 
show the highest variability, likely due to uneven tree distribution and disturb-
ances like fire, while grasslands (12.65 Mg/ha) are the most uniform, reflecting 
their consistent herbaceous structure. Woody savannas (24.92 Mg/ha) exhibit 
moderate variability, suggesting differences in tree density or species composition. 
Together, these trends indicate that while woody savannas store the most carbon  

 

 

https://doi.org/10.4236/gep.2025.134011


J. Kalaba 
 

 

DOI: 10.4236/gep.2025.134011 207 Journal of Geoscience and Environment Protection 
 

 
Figure 3. Training data. 
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Figure 4. Validation data. 

 
on average, savannas have the most unpredictable biomass, whereas grasslands 
are the most stable but least carbon-rich. These results in Table 3 show similar 
results compared to field data results of such ecoregions. 
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Table 3. Descriptive statistics (Zambia). 

Vegetation Type Mean AGBD (Mg/ha) Standard Deviation (Mg/ha) 

Savanna 26.83 27.53 

Grassland’s 13.12 12.65 

Woody savanna’s 57.26 24.92 

 
Figure 5 shows the savanna histograms at a high frequency of 592.06, grass-

lands frequency at 271.21, woody savanna’s at a frequency of 101.55 and AGBD 
Histogram at a frequency of 924.93. 

4. Discussion 

Random Forest Variable Importance 
Random forest model feature importance score shows the significance of this 

feature in the modeling process, according to the results we obtained from our 
GEE analysis in Figure 2, the spectral band played a more important role in the 
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Figure 5. Histogram distribution of predictions and observations. 

 
process of predicting biomass compared to other features. In general, “NIR is es-
pecially useful for vegetation analysis because healthy, green vegetation reflects a 
substantial amount of NIR light”. This reflection allows scientists to measure plant 
health, biomass, and other vegetation properties by analyzing NIR values along-
side other spectral bands (Weier & Herring, 2000). In a research conducted by 
(Zhu et al., 2015), the NIR had a strong correlation to AGB, but in our study, NIF 
was the fourth important feature only, and the reason is that SWIR is sensitive to 
moisture levels in soil, vegetation, and other materials. In dry conditions, bare soil 
or dry vegetation often reflects more SWIR than NIR. This is particularly notice-
able in arid and semi-arid regions where the soil and vegetation have low moisture 
content. 

Evaluation of RF Model 
The R-squared value was used as a basis for assessing the performance of the 

model in Figure 3 and Figure 4. In the training data for the predicted versus ob-
served values for Zambia Figure 3 of the results, standard R2 0. 836 for AGB in 
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training set. The result of R2 is about 83.6%, which demonstrates a strong align-
ment. This shows that the models’ predictions within the training set account for 
about 83.6% showcasing a high level of predictive accuracy for the subset. The 
models’ values range consistently from 0 - 250 mg/ha, meaning the model per-
forms well within the observed distribution of biomass values in the training data. 
There were outliers found; these represent instances where the models’ predic-
tions deviate significantly from real findings. These anomalies could arise from 
regional differences in the forest structure or possible inaccuracies in data collec-
tion. Although these outliers have little impact on the training data’s overall per-
formance, they suggest that there is a possibility that the model may have limita-
tions in capturing some subtleties within certain locations across Zambia. 

The results suggest that incorporating more features and adjusting parameters 
could help in accurately representing the environmental variation responsible for 
causing biomass disparities. Figure 4 shows results for validation data The R2 in 
the research showed 45.3% savanna’s, 17.8% grasslands and 5.4% woody savanna’s 
after a full land cover evaluation the R2 percentage gradually improved to 50.8% 
AGB, R2 reflects the performance of the models and the closer it is to one the more 
effective the model is, having an R2 of 5.08 which is slightly above 50 % show that 
the model was effective in the estimation of above ground biomass density the 
unexplained variance from AGBD represents all the factors that are influencing 
the dependent variables but aren’t accounted for by the model. Figure 4 also 
shows that the satellites’ multi-spectral image meets the needs of remote sensing 
inversion of the study area. This also shows that the satellites’ multi-spectral image 
meets the needs of remote sensing inversion of the research area. Even though 
both observed and predictive biomass values still span the 0 - 250 mg/ha range. 
The validation dataset also contained about 20 outliers in AGBD highlighting re-
gions or instances in which the model’s predictions diverge from actual observa-
tions. These outliers may indicate varying ecological or environmental conditions 
not captured during the training phase, such as variations in microclimatic fac-
tors, and forest density that current model does not sufficiently account for. The 
decrease in predictive accuracy from training to validation data emphasizes the 
need for model refinement which can be accomplished by the inclusion of more 
environmental predictors or by using different modelling techniques that can bet-
ter variety of conditions found across Zambia’s landscapes. Despite the model’s 
shortcomings in the validation set, the robust training performance provides a 
solid foundation for estimating aboveground biomass and with further adjust-
ments, the model may prove to be a valuable tool for ecological monitoring and 
forest management across Zambia. The results we found correspond with the re-
sults of the study in Yunnan Province, where a Random Forest model was used to 
estimate AGB over the whole forest’s types and each forest type individually. The 
GEDI L4A product was used as one of the dataset together with, Synthetic Aper-
ture Radar integrated with Optical Data in this study (S1 + S2, R2 = 0.45, RMSE = 
35.78 Mg/ha) showed a better performance compared to Palser data integrated 
with Optical data (PALSAR + S2, R2 = 0.42, RMSE = 36.59 Mg/ha) (Chu et al., 
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2023). All investigations concur on the strong association among spaceborne Li-
DAR and other optical imagery, including MODIS, Landsat, and Sentinel-2 (Bac-
cini, 2008; Chi et al., 2015; Potapov et al., 2021; Simard et al., 2011). Operating 
other devices and collection of data can be costly, more especially when dealing 
with large study areas, the challenge of synchronizing and correlating many dif-
ferent dataset ALS etc. data with other datasets arises and when managing many 
data sources gathered across various time intervals. The alternative of GEDI data 
offers a uniform dataset since 2019, removing concerns regarding temporal align-
ment and guaranteeing a defined methodology for AGB estimate.  

Distribution of Predictions and Observations 
The distribution of AGB predictions was analyzed through histograms as shown 

in Figure 5. The AGB histogram shows a reasonable match, albeit with some out-
liers. These outliers suggest ecological conditions or microclimatic factors not cap-
tured by the model. 

The amalgamation of GEDI, S1, and S2 data provided a robust instrument for 
generating high-resolution canopy height (CH) and aboveground biomass (AGB) 
on an extensive scale. The sensors delivered complementing textural, spectral, and 
vertical data that generated very precise AGB maps. The combination of S1, S2 
and GEDI data reduced biasness in the AGB evaluation products, this helped im-
prove the dependability and precision of remote sensing and offer. 

The integration of Sentinel-1 SAR and Sentinel-2 Optical data significantly en-
hanced the Random Forest (RF) model’s ability to predict Aboveground Biomass 
(AGB) and canopy height. This improvement stems from the complementary na-
ture of these datasets. SAR data, particularly through VV and VH polarization 
backscatter metrics from Sentinel-1exceled in capturing vegetation structural at-
tributes, biomass, and moisture content. These attributes are invaluable for esti-
mating biomass in areas with dense vegetation, where optical data can be obstructed 
by cloud cover or other atmospheric conditions. SAR’s penetration ability ensures 
reliable structural information under such scenarios. 

On the other hand, Sentinel-2 optical data offers detailed spectral insights, par-
ticularly through the shortwave infrared (SWIR) and red-edge bands. These bands 
provide physiological and biochemical information about vegetation, such as 
moisture levels, chlorophyll content, and photosynthetic activity. Vegetation in-
dices derived from these bands, such as the Normalized Difference Vegetation 
Index (NDVI) and Red Edge NDVI (RENDVI), highlight vegetation health and 
productivity. The fusion of SAR’s structural sensitivity with the physiological in-
formation from optical data provides a holistic view of vegetation characteristics, 
reducing prediction uncertainty in Zambia’s heterogeneous landscapes. 

The practical application of supplementary research results from estimating 
above-ground biomass (AGB) using Google Earth Engine (GEE) offers trans-form-
ative benefits for forest management. One key application is in carbon stock as-
sessment and climate change mitigation efforts. Accurate AGB estimations de-
rived from datasets like GEDI, Sentinel-1, and Sentinel-2 in GEE provide vital data 
for quantifying forest carbon storage and monitoring changes over time (Dubayah 
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et al., 2020). These insights are essential for participation in programs like REDD 
+ (Reducing Emissions from Deforestation and Forest Degradation), which re-
quire accurate and consistent monitoring of carbon stocks to access funding and 
validate conservation initiatives (Duncanson et al., 2021). By leveraging GEE’s 
ability to process large-scale datasets efficiently, forest managers can identify re-
gions with significant carbon loss or gain, guiding policy actions and enhancing 
accountability in climate change mitigation strategies as well as in sustainable for-
est resource management and restoration planning. AGB data enable forest man-
agers to identify high-biomass areas suitable for selective logging, ensuring sus-
tainable timber harvesting practices while protecting critical habitats (Torres et 
al., 2012) with the results we found we can easily put it all into practice. The esti-
mation of AGB and canopy height can help prioritize degraded lands for refor-
estation by identifying low-biomass regions that would benefit most from res-
toration interventions. Particularly Zambia where forests face threats from de-
forestation and agricultural expansion, GEE-powered analyses can assist in de-
signing targeted restoration projects, balancing ecological restoration with eco-
nomic development (Drusch et al., 2012). These applications demonstrate how 
integrating remote sensing research into forest management practices can support 
sustainable development goals, ensuring effective conservation and resource uti-
lization. 

Future Research Directions 

The research suggests several improvement options to improve prediction perfor-
mance in the field of biomass estimations. These include investigating complex ma-
chine learning algorithms like Gradient Boosting Machines (XGBoost or LightGBM) 
and deep learning techniques like recurrent neural networks (RNNs) and convo-
lutional neural networks (CNNs). Including additional environmental variables 
like land-use data, microclimatic variables, and soil characteristics can provide a 
more comprehensive understanding of the causes of AGB.  

Stratifying the study according to Zambia’s eco-regions can reduce prediction 
errors and enhance model resilience. Quantifying uncertainty is crucial to provide 
more details about prediction accuracy and identify areas needing specific en-
hancements. 

Improving data fusion methods can enhance the vertical resolution and geo-
graphical coverage of biomass estimations by combining GEDI data with high-res-
olution datasets like aerial lidar. Investigating synergies using hyperspectral data 
can also improve the characterisation of vegetation biochemical characteristics. 

Despite the success of the Random Forest (RF) algorithm during training, there 
may be room for improvement due to decreased accuracy during validation. 

To further improve the accuracy and robustness of AGBD estimation in Zam-
bia, future research should also explore the integration of additional remote sens-
ing datasets that complement the existing GEDI, Sentinel-1, and Sentinel-2 frame-
work. Incorporating L-band SAR data from missions like ALOS-2 PALSAR-2 or 
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the upcoming NISAR mission could significantly reduce saturation effects in 
dense woodlands, as L-band’s longer wavelength (23 cm) enhances canopy pene-
tration and sensitivity to high biomass levels 150 Mg/ha (Mermoz et al., 2022). 
Hyperspectral data from PRISMA or DESIS could refine species-specific biomass 
estimates by capturing narrowband spectral features related to lignin and cellulose 
content (Asner et al., 2021). Leveraging thermal infrared bands from Landsat may 
improve dry-season AGBD mapping by detecting water-stressed vegetation (Rifai 
et al., 2022). Finally, assimilating eddy covariance tower data on carbon fluxes 
could enhance temporal scaling of AGBD, particularly in dynamic savanna eco-
systems (Poulter et al., 2023). Such multi-sensor synergies would not only address 
current limitations but also enable more accurate, spatially continuous, and tem-
porally resolved AGBD monitoring across Zambia’s heterogeneous landscapes. 
Advanced machine learning approaches like deep learning and gradient boosting 
can improve the ability to capture intricate ecological patterns. Adding time-series 
data from Sentinel-1 and Sentinel-2 could strengthen the model’s resilience. 

Future studies should also focus on including climatic and anthropogenic fac-
tors as explanatory variables, as these characteristics can help shape policy and 
better understand variations in AGB in the context of land-use statistics, popula-
tion density, and climate forecasts. 

5. Conclusion 

The integration of GEDI, Sentinel-1, and Sentinel-2 datasets demonstrated the ef-
fectiveness of multisensor approaches in estimating AGB across Zambia’s diverse 
landscapes. Our models achieved high predictive accuracy, with an R2 of 5.08 for 
AGBD, reflecting strong relationships between remote sensing data and forest 
structural parameters. The results reveal significant spatial variability, identifying 
biomass-rich regions such as intact savanna lands and degraded areas requiring 
urgent restoration efforts. 

While the study achieved promising results, addressing the identified limita-
tions GEDI LiDAR data has limited spatial coverage, particularly in regions with 
sparse data acquisition due to orbital constraints or dense cloud cover. This may 
result in gaps in data, which potentially affected the model accuracy in sampled 
areas and adopting the proposed research directions could significantly enhance 
the accuracy and applicability of biomass estimation models. These advancements 
would not only support sustainable forest management and carbon accounting 
initiatives but also contribute to the broader field of environmental monitoring 
and conservation, for future studies would suggest Developing region-specific 
models tailored to Zambia’s diverse forest ecosystems and including environmen-
tal variables like soil properties and rainfall in the analysis would provide more 
nuanced insights into biomass distribution. 
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